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 Agricultural production of food and fuel within the Corn Belt region of the Midwest, US 
plays a crucial role in the US economy. Nutrient loss under agricultural production within this 
region has a significant impact on water quality at both local and national scales and is expected 
to worsen under future climate conditions. Future climate projections include increases in carbon 
dioxide concentrations ([CO2]), temperature, vapor pressure deficit (VPD), and variability of 
extreme precipitation events, which have the potential to alter crop productivity, nutrient 
transformations, and energy and water budgets. Here we present an approach that quantifies the 
potential impact of future climate on crop productivity and nutrient loss and how this could 
affect water quality.  
Our approach also quantifies the impact of mitigation strategies that have the potential to 
improve water quality and total crop production within this region. One mitigation strategy that 
has the potential to reduce nitrogen (N) losses at multiple spatial scales is the integration of 
perennial grasses, like miscanthus (Miscanthus × giganteus Greef et Deu.; Chae et al., 2014) and 
switchgrass (Panicum virgatum L.). However, N reduction will depend on the land on which 
perennials are planted and the crops they displace. A multi-scale economic and biophysical 
modeling approach was used to quantify the impact of land use and climate change on crop 
productivity and water quality under contemporary and future climates. 
 Using an integrated economic-agroecosystem modeling approach, we analyzed the 
impact of land use change driven by a national scale economic policy (i.e., Renewable Fuel 
Standard (RFS2)) on water quality at the scale of the Mississippi Atchafalaya River Basin 
(MARB) under contemporary climate conditions. While the RFS2 mandate could be met with 
less cropland area, our results indicated that reaching the full RFS2 mandate with both corn 
xv 
stover and perennial grasses would require additional corn area and N inputs to meet the demand 
of cellulosic biofuel production. By including both corn stover and perennial grasses as viable 
feedstocks, perennial grasses were not placed on regions of active, high N leaching cropland and 
therefore did not improve water quality relative to the baseline. However, a reduction in N loss 
within the MARB could be obtained if perennial grasses are used to reach the full cellulosic 
portion of the RFS2 mandate. 
To quantify the sensitivity of elevated [CO2], temperature, and VPD on crop productivity 
under future climate conditions, we improved an agroecosystem model to account for 
reproductive heat stress on corn and soybean yield. We conducted a high-resolution, field-scale 
modeling analysis for the Raccoon River Basin (RRB) in west-central Iowa. Our results suggest 
that corn yields could decrease and soybean yields could increase by the end of the 21st century 
relative to the baseline, even with the inclusion of reproductive heat stress on soybeans. 
However, if the hybrid growing season length is increased for corn cultivars, one could obtain 
corn yields comparable to today by the end of the century. Furthermore, sensitivity to high VPD 
and temperature on yield was reduced at higher [CO2] for soybean, but not corn, due to the CO2 
fertilization effect.  
Building off the integrated modeling approach and improved version of the 
agroecosystem model, we conducted simulations to analyze the impact of climate-driven crop 
productivity changes and the strategic integration of miscanthus based on profit and N loss on 
water quality for the RRB under contemporary and future climate conditions. Three scenarios 
were created to isolate the effect of future climate and miscanthus on N loss when compared to a 
baseline scenario. Our results indicate that N loss could be greater under future climates in the 
late 21st century relative to contemporary climate due to a reduction in crop productivity and the 
xvi 
associated reduction of N uptake, as well as increased mineralization rates due to higher 
temperatures. The inclusion of miscanthus provided a reduction in N loss under both 
contemporary and future conditions. However, more miscanthus replaced annual row crops 
under future climate relative to contemporary climate due to lower profitability and higher N loss 
under corn and soybean production. While the inclusion of miscanthus under future climate did 
not reduce N loss below levels obtained under the baseline scenario, it did result in a reduction of 
total N loss below levels obtained in the historical evaluation simulation.  
 Together, these analyses suggest that the integration of strategically placed miscanthus 
has the potential to reduce N loss under contemporary climate conditions at both the small and 
large basin scales. Under future climate conditions, corn yields are projected to decrease while 
soybean and miscanthus yields are projected to increase relative to contemporary conditions. 
Mineralization rates were also projected to increase under warmer conditions in future climate 
projections, resulting in an increase of N loss under current land use, especially with a reduction 
in crop productivity. However, the strategic implementation of miscanthus on land with low 





CHAPTER 1.    GENERAL INTRODUCTION 
1.1 Background on Agricultural Systems, Nitrogen Transformations, and Water Quality 
with the Corn Belt Region of the Midwest, US 
 All plants require many nutrients from the atmosphere and soil to fix carbon (C) and 
build plant tissues. Nitrogen (N) is the most abundant mineral macronutrient in plants and makes 
up 1.5% of dry plant biomass (Taiz and Zeiger, 2002). N is also a major component of key 
enzymes such as Rubisco, the world’s most abundant protein, which utilizes 20-30% of leaf N in 
C3 plants (Evans and Seemann, 1989; Makino 2003; Kumar et al., 2002) and 5-9% of leaf N in 
C4 plants (Sage et al., 1987; Makino et al., 2003). In agricultural systems, humans manage 
photosynthesis by planting domesticated species that have been selected for maximal harvestable 
plant tissues. To increase output from agricultural systems, farmers plant annual row crops and 
apply nutrient fertilizer and manure to maximize yield return. However, variability in soil 
properties (i.e., texture, water holding capacity) and climate (i.e., temperature, vapor pressure 
deficit, precipitation) may result in reductions in crop productivity and ultimately reduction in 
nutrient uptake, which may result in nutrient losses within a field (Al-Kaisi and Hanna, 2006; 
Singh et al., 2009; Al-Kaisi, et al., 2013; Lobell et al., 2014; Morton et al., 2015; Lamaoui et al., 
2018; Hussain et al., 2019; Basso et al., 2019). This chapter provides a detailed explanation of 
how N loss occurs within current agricultural systems, how this impacts water quality, and how 
the integration of perennial grasses on the current landscape can potentially mitigate this N loss. 
Additionally, we discuss the implications of future climate on crop productivity and water 
quality.   
Nutrient loss on land under agricultural production in the US Corn Belt is one of the 
leading causes of poor water quality within the Mississippi Atchafalaya River Basin (MARB, 
David et al., 2010). Within the MARB, agricultural sources contribute 80% of the delivered N 
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into the Gulf of Mexico (White et al., 2014). The area of the MARB is 3,234,584 km2 and 
supports 90% of the total US corn and soybean production (USDA, 2016). This large basin 
consists of smaller sub-basins (Donner et al., 2004), some of which are highly concentrated with 
agricultural row crop production, specifically corn (Zea mays L.) and soybean (Glycine max 
Merr.), and contribute nutrient loss to aid poor water quality locally and downstream. One 
specific basin within the MARB is the Raccoon River Basin (RRB), which located in west-
central Iowa and has the highest connection between agricultural production and the primary 
water source for Iowa’s largest city (Lucey and Goolsby, 1993; Schilling and Zhang, 2004; 
Schilling and Lutz, 2004; Hatfield et al., 2009; Schilling et al., 2009; Jones and Schilling, 2011, 
2013; Jayasinghe et al., 2012; Jones et al., 2016). This basin is located within the Des Moines 
Lobe, a region of recently glaciated land with poor natural drainage and an abundance of 
organically rich soils (Prior, 1991; Figure 1.1). This region consists of farmland drained with 
subsurface tile and fertilized with nitrogen and manure to maximize crop productivity. These 
practices increase the potential for greater N loss from fields and into nearby waterways, which 
may result in contamination of local water sources (Daigh et al., 2015; Jones et al., 2016; Amado 
et al., 2017).  
A significant factor in determining how much N could be lost within a field is the timing 
in which N transformations take place in relation to when annual row crops are planted 
(Cambardella et al., 1999). Many processes occur in the soil, like mineralization, as soil 
temperatures warm up during the early spring. Mineralization is the process in which microbes 
convert soil organic N into ammonium. This form of N is then broken down into nitrate through 
the process of nitrification. Nitrate is a highly soluble anion that is mobile within the soil without 
adhering to soil particles under most soil textures and conditions (Jury and Nielsen, 1989). Three 
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processes may occur from there: uptake by plants, immobilization, or leaching. If available N is 
near roots and plant demand is high, the uptake of N by a plant may occur. As the belowground 
C to N ratio (C:N) increases above 24, N retention may increase and result in immobilization 
(USDA, 2011). If the root system is shallow and plant demand is low, a portion of this nitrate 
may be leached out (Cambardella et al., 1999; Crews and Peoples, 2005; Jayasundara et al., 
2007). These same processes may occur in the fall during the short period between harvest and 
the decline of microbial activity due to cooling soil temperatures. The majority of N loss comes 
from land with productive soils with high mineralization rates, subsurface drainage, and 
considerable amounts of N fertilizer (Dinnes et al., 2002; Baker et al., 2008; Broussard and 
Turner, 2009; Robertson and Saad, 2013).  
One significant consequence of planting annual row crops within the MARB is that the N 
lost from agricultural fields reaches nearby rivers and has the potential to eventually reach the 
Gulf of Mexico, fueling eutrophication in a region known as the hypoxic zone (Burkart and 
James, 1999; David et al., 2010; Jones et al., 2018). The Environmental Protection Agency 
(EPA) set a goal of reducing the Gulf of Mexico Hypoxic Zone size by 60% (EPA, 2015). In 
response to the EPA’s N reduction goal, twelve states implemented nutrient reduction strategies 
specific to the cropping and management practices in their state (EPA, 2020). The Iowa Nutrient 
Reduction Strategy (INRS) set a goal to reduce N loss by up to 41% (INRS, 2013). Government 
mandates like the Renewable Fuel Standard (RFS2) have contributed to an increase in corn 
production area to reach biofuel production goals. Consequently, an increase in applied N and N 
loss has occurred (Simpson et al., 2008; Thomas et al., 2009; EPA, 2010; EPA, 2019). However, 
there are ways to potentially reduce N loss while still reaching production goals. For instance, 
the RFS2 also mandated that 16-billion-gallons of advanced cellulosic biofuel be included along 
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with the 15-billion-gallons of corn ethanol. The 16-billion-gallon portion of the RFS2 can be 
reached with crop residue (i.e., corn stover) and perennial bioenergy crops (i.e., miscanthus and 
switchgrass) and is currently well below the mandated level set by the RFS2 (EPA, 2019). While 
harvested corn stover can help achieve the biomass quantity needed for ethanol production, prior 
research found that aggressive removal of crop residue would likely have deleterious effects on 
soil productivity by increasing soil erosion (Blanco-Canqui and Lal, 2009), decreasing soil C 
(Liska et al., 2014), increasing nutrient loads (Villamil et al., 2015), and GHG emissions (Davis 
et al., 2012). However, the production of perennial cellulosic biofuels may have the potential to 
alleviate negative water quality impacts while providing biomass to reach ethanol production 
goals of the RFS mandate (Housh et al., 2015). 
1.2 Integrating Perennial Grasses Could Mitigate Nitrogen Loss 
There have been many suggestions on how to reduce nutrient losses at both the point (i.e., 
easily identified and confined) and nonpoint (i.e., difficult to isolate, widespread) scales for 
many states within the Corn Belt region (INRS, 2013). For example, one suggestion to reach the 
41% N loss reduction goal of INRS is the integration of perennial grasses, specifically 
miscanthus (Miscanthus × giganteus Greef et Deu.; Chae et al., 2014) and switchgrass (Panicum 
virgatum L.), into the current landscape of annual row crops (INRS, 2013). Not only do these 
high yielding perennial grasses have economic value for ethanol and bioenergy production 
(Heaton et al., 2008), but they also benefit our ecosystem by requiring little to no N application 
and reducing N loss and greenhouse gas (GHG) emissions relative to row crop production 
(McIsaac et al., 2010; Davis et al., 2010; Davis et al., 2012; Smith et al., 2013; Housh et al., 
2015; Daigh et al., 2015; VanLoocke et al., 2017, Hudiburg et al., 2016). 
Perennial bioenergy crops may provide many benefits for our ecosystem compared to 
annual row crops due to the following mechanistic reasons. In an annual cropping system, row 
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crops have less established root system during the beginning of the growing season, shorter 
growing seasons, and typically require more N inputs, which may result in greater N loss relative 
to perennial grasses (Owens, 1990; Toth and Fox, 1998; Dohleman and Long, 2009; Hussain et 
al., 2019). As for perennial crops like miscanthus and switchgrass, reductions in N loss may be 
attributed to longer growing seasons and greater biomass cover (McIsaac et al., 2010), deeper 
and more efficient rooting systems (Neukrichen et al., 1999; Tufekcioglu et al., 1999; Ma et al., 
2000; Anderson-Teixeira et al., 2009; Smith et al., 2013), and the ability to reallocate N 
throughout the year (Heaton et al., 2008; 2009; Dohleman and Long, 2009; Davis et al., 2010). 
Perennials have the potential to take up more water from the soil due to their dense and deep 
rooting systems and may result in a reduction of streamflow rates in nearby waterways (McIsaac 
et al., 2010; VanLoocke et al., 2010; 2017).  
The integration of miscanthus and switchgrass into the MARB landscape has the 
potential to reduce nutrient run-off (Davis et al., 2012; VanLoocke et al., 2017), but the 
placement and intensity of perennial integration will depend on a combination of economic and 
biophysical factors. Much of the literature has shown that the integration of perennials has the 
potential to improve water quality (e.g., McIsaac et al., 2010; Davis et al., 2010; Smith et al., 
2013). However, it is essential to quantify the impact that perennials could have on N loss at the 
field-relevant scale (i.e., 500 m, field-scale spatial resolution). In the Upper MARB, studies have 
shown that the incorporation of perennials can reduce N leaching by 10% and 12% (Wu et al., 
2012; Housh et al., 2015, respectively). At the field scale, switchgrass integration on corn-
soybean cropland alone has been shown to reduce N leaching by 18 to 38%, depending on the 
percent of land converted (Brandes et al., 2018). These feedstocks have the potential to provide 
environmental benefits at the field scale, but the potential impact they will have on water quality 
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at the scale of the MARB will depend on where they are placed (active or idle cropland), the 
cropping systems that are displaced (high leaching or low leaching), and how they are managed.  
Since both food and economic security rely heavily on agricultural production (USDA, 
2020a), it is not realistic to convert all row crops to perennials to reduce N loss. Therefore, one 
must consider economics when determining where to integrate these perennial grasses. One 
method to determine where these grasses should be implemented uses an integrated modeling 
approach (Housh et al., 2015). Doing so would allow one to couple an economic model, an 
agroecosystem model, and a hydrology model to balance economic and environmental benefits 
(Housh et al., 2015; Chapter 2). Another method is to use a profitability analysis at the field scale 
to determine precisely where these grasses should be incorporated to attempt once again to 
balance both the economic and environmental benefits of including perennial grasses into the 
landscape (Brandes et al., 2018; Chapter 4).  
1.3 Changing Climate Effects on Crop Productivity  
Atmospheric conditions including carbon dioxide concentration ([CO2]), temperature, 
and vapor pressure deficit (VPD) all have significant ties to crop productivity and are expected to 
increase by the end of the century (Collins et al., 2013; Lobell et al., 2014; Sherwood et al., 
2020; Gutowski and Takle, 2020). Increases in [CO2] alone have been shown to increase yields 
in C3 crops (soybeans), but not in C4 crops (corn) (Leakey, 2009; Ruiz-Vera et al., 2013; Twine 
et al., 2013). The CO2 fertilization effect seen in these responses is due to the combination of 
direct stimulation of photosynthesis (C3 only) and an indirect result of water savings due to 
reduced stomatal conductance (C3 and C4; Bagley et al., 2015).  
Increases in temperature alone can impact both photosynthesis and the reproductive 
processes within a plant. For photosynthesis, higher temperatures can reduce photosynthetic rates 
due to the reduction of specificity and solubility of Rubisco for CO2 and due to the degradation 
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of the Rubisco activase enzyme (Long, 1991; Feller et al., 1998). From a reproductive 
physiology perspective, high temperatures can reduce pollen viability, grain formation, seed 
growth rate, seed size, and harvest index (Ainsworth and Ort, 2010; Hatfield et al., 2011; 
Hatfield and Prueger, 2015). Both factors can result in a reduction of yield. Another impact of 
elevated temperature is the time it takes for crops to reach physiological maturity. Many crops, 
depend on the accumulation of thermal time. The hybrid growing degree day (GDD) required to 
reach maturity is explicitly selected for the environment in which the crop will grow, but future 
environments are projected to change (Rosenzweig et al., 2014). If temperatures increase and 
hybrid GDDs remain the same, crops are more likely to reach physiological maturity sooner in 
the growing season. As a result, a reduction in yield could occur due to a reduction in grain fill 
days and warmer temperatures during the grain-filling period reducing the efficiency of the grain 
filling process (Hatfield, 2016; Lizaso et al., 2018). 
Changes in temperature and atmospheric moisture due to climate change may also 
increase water demand in plants due to higher atmospheric VPD. Recent analyses have shown 
that reductions in yield due to increases in VPD have increased over the past two decades and are 
expected to become more severe in the future (Lobell et al., 2014; Ort and Long, 2014). When all 
else is being held constant, prolonged exposure to elevated VPD will decrease stomatal 
conductance to control moisture loss resulting in a reduction in internal [CO2] and increased leaf 
and canopy temperatures. This relationship may reduce the rate of photosynthesis and ultimately 
decrease yield. 
Very few field studies have investigated the individual and coupled effects of elevated 
CO2 and temperature using the method of Free Air Concentration Enrichment (FACE) within a 
field (Miglietta et al., 2001). These experiments have addressed the impact of elevated [CO2] on 
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corn (Leakey et al., 2004; Hussain et al., 2013) and soybeans (Ainsworth and Long, 2004; 
Leakey et al., 2006; Castro et al., 2009), as well as how corn and soybeans will respond to the 
interaction of elevated [CO2] with high temperature (Ruiz-Vera et al., 2013; 2015; Siebers et al., 
2015; 2017; Thomey et al., 2019), and how soybeans respond to the combined interaction of 
elevated [CO2] with ozone (O3; Ort et al., 2006), and drought (Gray et al., 2016). However, no 
controlled field-scale studies have captured the isolated effects of VPD on corn and soybean 
production since controlling the vapor pressure inside a crop canopy can be difficult to 
accomplish (Gray et al., 2016). This barier has resulted in focusing efforts on modeling the 
independent and coupled responses of these abiotic factors on crop yield (Twine et al., 2013; 
Bagley et al., 2015; Jin et al., 2017a; Peng et al., 2018; Zhu et al., 2019; Thomey et al., 2019; 
Hsiao et al., 2019). These studies are discussed in detail in section 3.1. 
1.4 Impact of Changing Climate on Water Quality 
A changing climate not only affects crop productivity but can result in changes in water 
quality and quantity. Crops, like corn and soybean, may become stressed due to the abiotic 
changes mentioned in section 1.3 and result in a reduction in photosynthesis and N uptake 
(Lamaoui et al., 2018; Hussain et al., 2019; Basso et al., 2019), which allows more N to remain 
within a field. An increase in precipitation may lead to increased drainage and leaching rates of 
available nutrients and streamflow (Hatfield et al., 2009). Warming temperatures under a 
changing climate may alter microbial environments within the soil and impact the amount of N 
lost through transformations like mineralization (Melillo et al., 2002; Zaehle et al., 2010). An 
excess of mobile N within the soil may allow for the increased potential of N loss through 
leaching, surface runoff, and drainage through tiles into nearby waterways. While studies have 
been able to quantify the effect of these environmental changes in relation to water quality and 
quantity (Hatfield and Prueger, 2004; Tong et al., 2007; Chien et al., 2013), few studies have 
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modeled how changes in crop productivity due to climate change can alter N losses and water 
quality at the field scale (Wang et al., 2015; Teshager et al., 2016; Rajib et al., 2016; Chen et al., 
2017a). 
1.5 Problem Statement, Objectives, and Hypotheses 
Through an extensive review of the recent literature, three gaps have yet to be addressed. 
First, an assessment of the impact of a fully implemented energy policy (e.g., RFS2) driven land 
use change on water quality within the MARB has yet to be achieved. To improve the 
assessment of how meeting the full RFS2 mandate impacts water quality within the MARB, an 
integrated economic-environmental impact analysis is required (Sun et al., 2020). In Chapter 2, 
an economic model, BEPAM (Biofuel and Environmental Policy Analysis Model), is used to 
simulate fertilizer application rates and land allocation for each commodity (i.e., corn, soybean, 
wheat) and feedstock (i.e., corn stover, miscanthus, switchgrass) for potential policy scenarios. 
Fertilizer rates are applied within the agroecosystem model, Agro-IBIS (Agricultural version of 
the Integrated BIosphere Simulator). The modeled output is properly weighted to represent a 
heterogeneous landscape determined by the land allocation for each scenario suggested by 
BEPAM. The water quality and quantity output from Agro-IBIS is used to force a hydrological 
biogeochemistry model, THMB (Terrestrial Hydrologic Model with Biogeochemistry), where 
streamflow and the total amount of dissolved inorganic nitrogen (DIN) delivered to the Gulf of 
Mexico can be assessed. This chapter does not have defined hypotheses as the main goal of this 
objective is to evaluate the RFS impact on water quality. 
Second, the current literature has yet to quantify the effect of climate change and 
reproductive heat stress on crop productivity within Iowa at the field scale. A comprehensive 
understanding of how changes in [CO2], temperature, and VPD affect crop productivity is 
extremely important to our economy and ecosystems' future state. While both C3 (soybean) and 
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C4 (corn) crops see indirect water savings from a reduction in stomatal conductance from the 
CO2 fertilization effect, only C3 crops (soybean) see a direct stimulation of photosynthesis. 
Fertilization by CO2 can also affect a crop’s sensitivity to temperature and VPD. We conducted 
Agro-IBIS simulations of corn and soybean yield under contemporary and future climate 
scenarios for the state of Iowa at the 500m, field-scale, spatial resolution in Chapter 3. From 
here, the individual and combined effects of increased atmospheric [CO2], temperature, and VPD 
on corn and soybean yield production were analyzed. It was hypothesized that (1) corn yields 
would be reduced under future climates relative to the baseline scenario and soybean yield 
responses will vary under future climates and depend on [CO2], (2) the inclusion of heat stress 
(HS) will reduce both corn and soybean yields the most under warmer climate projection 
scenarios relative to the baseline scenario, and (3) yield sensitivity to VPD and temperature 
(slope) will be reduced at higher [CO2] for soybean but not corn. 
Lastly, the current literature has yet to quantify the impact of economically viable land 
use and climate change on water quality driven by crop productivity changes at the field scale 
resolution within a small watershed like the RRB. It is crucial to assess the transformation of N 
within an ecosystem due to land use and climate change. This was completed in Chapter 4 by 
calibrating, evaluating, and running multiple simulations in Agro-IBIS and THMB under 
contemporary and future climate with and without miscanthus inclusion. It was hypothesized that 
(1) cropping system productivity and water quality would decrease more under future climate 
conditions for corn and soybean relative to miscanthus and (2) strategically implemented 
conservation practices will have a greater impact on water quality improvement under future 
climate conditions than under contemporary weather conditions. 
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This dissertation will provide a unique set of experiments that are linked through an 
integrated modeling framework. By coupling an economic model, agroecosystem model, and 
hydrology model in Chapter 2, we analyzed the interacting effects of land use change on 
environmental impacts for the entire MARB. In Chapter 3, the agroecosystem model was 
modified to include the impact of reproductive heat stress for both corn and soybeans to 
disentangle the individual and coupled effects of climate change on crop yield at the field scale 
resolution for the RRB. From there, simulations used in Chapter 3 were used within a similar 
modeling framework from Chapter 2 in which the effect of profit-driven land use change and 
future climate change on total crop productivity and water quality was analyzed at the field scale 
resolution for the RRB. By combining these simulations and methodological approaches, we 
were able to add to the current understanding of how the coupled effects of climate and land use 
change on crop productivity and the environment.   
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Figure 1.1: This figure represents the orientation of the North and South Raccoon river within 
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Abstract 
Demand for biofuel production driven by the Renewable Fuel Standard (RFS2) has 
coincided with increased land in corn production and increasing nitrogen (N) loss to the Gulf of 
Mexico. Diversifying cropland with perennial energy crops (miscanthus and switchgrass) may 
reduce N loss and improve water quality. However, the extent of these benefits depends on the 
mix of biomass feedstocks (corn stover, perennials) incentivized by the RFS2 and the extent to 
which energy crops displace N-intensive row crops. We developed an integrated economic-
biophysical model to quantify the water quality impacts of three potential policy scenarios that 
provided: corn ethanol at levels before the RFS2 (RFS1 baseline); 15 billion gallons of corn 
ethanol (corn ethanol only); or 16 billion gallons of cellulosic ethanol in addition to corn ethanol 
(corn + cellulosic ethanol). Our results showed economically optimal locations for perennial 
energy crop production was distributed across idle cropland with lower intrinsic N loss than 
active cropland. We found stover removal incentivized by the RFS2 offset N loss benefits of 
perennial energy crops. This finding suggests that targeted incentives for N loss reduction are 
needed to supplement the RFS2 to induce displacement of N-intensive row crops with energy 




Agricultural land use affects water quality, therefore policies that increase the demand for 
biofuel feedstocks, such as the Renewable Fuel Standard (RFS2), have the potential to drive land 
use changes that can impact water quality (i.e., nitrogen loss through leaching and export). 
Specifically, in the Mississippi Atchafalaya River Basin (MARB), 80% of the nitrogen (N) 
delivered into the Gulf of Mexico comes from approximately 90% of the total US corn (Zea 
mays L.) and soybean (Glycine max Merr.) production (White et al., 2014; USDA, 2016). In 
2007, the RFS2 set a 15 billion-gallon cap on corn ethanol production, which was first achieved 
in 2016 (EPA, 2019; USDA, 2020b). Over the same period, corn production and area increased 
by 34% and 10%, respectively, and coincided with a worsening of N-associated water quality 
impairments (i.e., increase in N loss) in the MARB (USDA, 2016; Thomas et al., 2009; Struffert 
et al., 2016; Jones et al., 2018). The RFS2 also mandated an additional 16 billion gallons of 
advanced biofuels from cellulosic feedstocks such as crop residues and dedicated energy crops 
(EPA, 2010). However, the potential impacts of the full implementation of the RFS2 across the 
MARB have yet to be investigated, and an analysis of the possible water quality implications is 
crucial as policymakers decide the next steps for biofuel policy beyond 2022.  
Ethanol production from cellulosic feedstocks has mainly come from crop residues, 
which has been shown to have deleterious effects on soil and cropping systems (Blanco-Canqui 
et al., 2009; Graming et al., 2013; Jin et al., 2015), including N loss (Sun et al., 2020).  
Depending on where they are grown, which crops they displace, and how they are managed, 
perennial energy crops have the potential to reduce N loss to water at a field, watershed, and 
regional scale while meeting ethanol production goals (Daigh et al., 2015; Pugesgaard et al., 
2015; Ferchaud and Mary, 2016; Song et al., 2017; Hussain et al., 2019; Heaton et al., 2008; 
Chen et al., 2017b; Brandes et al., 2018; Behnke et al., 2012). It has been shown that the 
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economic incentives for producing energy crops would likely lead to production on land 
described as marginal with low opportunity costs of conversion from existing uses to energy 
crops (Hudiburg et al., 2016). In other words, perennials are unlikely to displace land currently 
used for corn and soybean production.   
Previous studies have shown that replacing row crops with miscanthus (Miscanthus × 
giganteus Greef et Deu.; Chae et al., 2014) or switchgrass (Panicum virgatum L.) can reduce N 
loss by 10 to 24% within a small watershed (i.e., HUC 8) (Valcu-Lisman et al., 2016; Mishra et 
al., 2019). At the MARB scale, VanLoocke et al. (2017) showed that if miscanthus or 
switchgrass displaced corn on 40% of the land currently used for crop production, then N loss in 
the MARB could decrease by 25% and 20%, respectively. However, they prescribed land use 
change exogenously (i.e., forced perennials to replace cropland across the MARB evenly) and 
did not consider whether conversion of land under corn to miscanthus or switchgrass production 
would be economically viable. To endogenously determine (i.e., dynamically predict) the 
economic and biophysical water quality implications of policy-driven land use change for the 
MARB, an integrated modeling approach is needed (Sun et al., 2020). 
We developed an integrated economic-biophysical modeling approach to endogenously 
determine the cost-effective mix of feedstock production and land use change induced by the 
RFS2 and its water quality implications for the MARB. (Sun et al., 2020). We coupled an 
economic model (BEPAM) with an agroecosystem model (Agro-IBIS) and a nutrient transport 
and hydrologic model (THMB) to simulate water quality effects from corn grain and cellulosic 
feedstocks under potential biofuel production scenarios (see section 2.2.1, 2.2.2). Our objectives 
are to (1) assess the endogenously determined area needed to produce the feedstocks considered 
here and their spatial pattern of production across active and idle (i.e., cropland that earns 
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relatively low net returns while under crop production; Jiang et al., under review) cropland in the 
MARB, and (2) quantify the amount of N loss these land use scenarios could generate for each 
potential policy scenario relative to baseline levels before the RFS2. This research intended to 
undertake a forward-looking analysis of the water quality implications of biofuel targets that may 
be mandated by an extension of the RFS2. To the best of our knowledge, our analysis is the first 
to inform an agroecosystem model with an economic-based land assessment to quantify the 
impact of potential land use change driven by the RFS2 mandate on water quality for the MARB.   
2.2 Methodology 
2.2.1 Policy Scenarios 
The policy scenarios investigated in this paper are motivated by the RFS2 and specified 
volumetric targets (EPA, 2010; Table 2.1). Policy scenarios, including an RFS1 baseline, corn 
ethanol only, and corn + cellulosic ethanol, were simulated to determine the economically 
optimal mix of feedstocks, land use change, and N application rates on biofuel production in the 
MARB. The RFS1 baseline scenario describes the absence of a biofuel policy to promote biofuel 
production beyond the 7.5 billion gallons of corn ethanol target by the RFS1 mandate prior to the 
RFS2. This scenario assumes that this level of corn ethanol is maintained constant until 2030. 
Under the RFS1 baseline scenario, it is unlikely that any energy crop (corn stover; perennial 
grasses) will be produced largely due to the high costs of producing cellulosic biofuels as a 
substitute for conventional fossil fuels.  
The corn ethanol only scenario assumes that corn ethanol production is maintained at the 
level in 2016 (15 billion gallons) until 2030. The corn + cellulosic ethanol scenario examines the 
target of 16 billion gallons of cellulosic ethanol by 2030 mandated by the RFS2 in addition to the 
15 billion gallons of corn-grain ethanol. We chose to evaluate corn stover and biomass from the 
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high yielding dedicated energy crops, such as miscanthus and switchgrass, as feedstocks for 
cellulosic ethanol. Miscanthus and switchgrass have been identified as the leading choices for 
high yield potential, low input requirements, and adaptability to a wide range of growing 
conditions and environmental benefits in the US and Europe (Heaton et al., 2008; Gunderson et 
al., 2008).   
In all scenarios, we used the same management practices for row crops and determined 
optimal land allocation between active and idle cropland as influenced by the biofuel targets. 
Additional sensitivity scenario simulations were conducted to understand the interactions 
between corn stover and N leaching for the corn + cellulosic ethanol scenario and isolate the 
contribution of N with corn stover vs. energy crops. This analysis addresses the effects of 
additional N used for nutrient compensation for stover removal on water quality by simulating 
corn stover removal and its accompanying land use change of corn area but assuming zero 
replacement fertilizer. We also considered a residue only scenario that assumes the same ethanol 
mandate as the corn ethanol only scenario along with 8.7 billion-gallons cellulosic ethanol only 
from residue and no energy crops. A third case was considered where no residue removal occurs, 
and the 16 billion-gallon cellulosic biofuel mandate was met entirely by energy crops. 
2.2.2 Integrated Modeling Procedure 
We designed an integrated economic-biophysical modeling approach to analyze the water 
quality impacts of economically constrained and spatially explicit land use change associated 
with the biofuel targets of the RFS2 (Figure 2.1). Our approach connected land allocation and N 
application predictions from the Biofuel and Environmental Policy Analysis Model (BEPAM; 
Hudiburg et al., 2016; Chen et al., 2014; Oliver and Khanna, 2017) to drive simulations in the 
process based agroecosystem model Integrated BIosphere Simulator – Agricultural Version 
(Agro-IBIS; Kucharik et al., 2000) and the Terrestrial Hydrologic Model with Biogeochemistry 
26 
 
(THMB; Coe, 1998; Donner et al., 2002). We conducted simulations for a domain that included 
the MARB and N loss to the Gulf of Mexico were quantified at the outlet of the basin (e.g., 
Donner and Kucharik (2008); VanLoocke et al. (2017)). 
BEPAM endogenously determined the economically optimal land allocation to major row 
crops and energy crops on active cropland and land that is considered idle (Jiang et al., under 
review) under three potential policy scenarios (RFS1 baseline, corn ethanol only, and corn + 
cellulosic ethanol). We generated the spatial allocation of land use and N application at the end 
of the modeling period, 2030, by simulating the potential policy scenarios using BEPAM (Table 
2.1, described in Appendix A) over the 2016 to 2030 period. We validated the model by 
comparing the outcomes from the model for 2016 with observed data in 2016 on the area of 
various crops, crop production quantities, biofuel production, and commodity prices (see more 
details in Appendix A). BEPAM and Agro-IBIS were coupled through similar assumptions about 
yields and N application rates for row crops as well as bioenergy feedstocks, with yields based 
on Agro-IBIS simulations (as shown in Figure 2.1). 
Endogenously determined quantities of N application in each grid cell were obtained 
from BEPAM (detailed in SI section 2). These data, along with 0.5° x 0.5° spatial resolution 
historical weather data (Hudiburg et al., 2016; New et al., 2000) for 1956-2000 (45 years), were 
used to drive Agro-IBIS and THMB simulations due to the availability of weather data at this 
spatial resolution (Figure 1). We ran a total of 27 Agro-IBIS simulations (6-row crop x 4 
management + natural vegetation, miscanthus, switchgrass) and used the last 30-years of the 
simulations for the analyses in this study to account for variability in weather conditions across 
multiple years. The land cover and crop management choices represented in the Agro-IBIS 
simulations consisted of continuous corn, continuous soybean, corn-soybean rotations, spring 
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and winter wheat, natural vegetation, miscanthus, and switchgrass for all available land.  
All row crop output was weighted by the land area fraction for four irrigation and tillage 
combinations (rainfed, irrigation, no-tillage, and conventional tillage) as determined 
endogenously by BEPAM (Figure 1). To match the Argo-IBIS and THMB resolution grids with 
the Crop Reporting District (CRD) resolution output from BEPAM, we overlaid the grids on the 
CRD map and considered grids with centers lying within the CRD borders as having the same 
land management as the CRD. We then divided the CRD-level output by the total number of 
grids to obtain the grid-level land allocation and N application. We used this regridded land use 
output from BEPAM to calculate the fraction of each crop type within each grid cell to create 
heterogeneous land allocation within each grid (described in SI section 2e; Figure S1). We then 
used the 30-years of monthly Agro-IBIS output to drive simulations through THMB at the 5 min 
x 5 min (~7 km x 9 km) spatial resolution to calculate the impacts of potential future changes on 
water quality. For each of the policy-driven land use scenario, we calculated the total annual 
average of the THMB output to estimate dissolved inorganic N (DIN) export and streamflow 
rates at the outlet of the Mississippi River into the Gulf of Mexico and compared those with the 
corn ethanol only and the corn + cellulosic ethanol scenario to levels under the RFS1 baseline to 
determine the water quality effects that could be attributed to the two types of biofuel mandates.  
2.2.3 BEPAM Description 
The dynamic, open-economy, spatial, and multi-market optimization model, BEPAM, 
integrates the agricultural and transportation sectors of the economy to examine economically 
optimal production and consumption decisions under various market and US policy scenarios 
(Figure 2.1; Hudiburg et al., 2016; Chen et al., 2014; Oliver and Khanna, 2017). The agricultural 
sector of BEPAM simulates market decisions on land allocation for thirteen major row crops and 
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two energy crops (miscanthus and switchgrass) for 2016-2030 at a CRD scale. This includes 304 
CRDs in the US that are heterogeneous in their crop production conditions (see Appendix A).  
BEPAM also includes active cropland as well as idle cropland and allows their allocation 
to various crops to be determined endogenously based on the net returns to crop production, 
endogenously determined crop prices, historical land use, policy, and technology constraints 
(Hudiburg et al., 2016). The acreage of active and idle cropland was determined based on market 
conditions and varies over time; it was influenced by assumptions about the rate of growth in 
yields of corn, soybean, and wheat (around 1%) and the rate of growth of crop-specific domestic 
demand, export demand that is specified exogenously (see Appendix A). BEPAM also includes 
permanent pastureland and forestland pasture, which are assumed to remain fixed and only used 
for grazing across alternative scenarios and only models land use change between active and idle 
cropland. Also, note that the choice of energy crops in the corn + cellulosic ethanol scenario was 
limited to miscanthus and switchgrass. Detailed descriptions of land use and N application rate 
calculations for these simulations are within Appendix A. 
2.2.4 Agro-IBIS Description 
The agroecosystem model Agro-IBIS, derived from IBIS (Kucharik et al., 2000; Foley et 
al., 1996), simulates energy, water, carbon (C), and N exchange between the soil-plant-
atmosphere continuum at an hourly time step by simulating biophysical cycles and biochemical 
processes (Figure 2.1). This model includes C3 and C4 temperature-dependent photosynthetic 
pathways consisting of enzyme kinetic properties and leaf-level stomatal conductance and 
energy balances (Farquhar et al., 1980; Collatz et al., 1991) that are scaled up to the canopy level 
(Thompson et al., 1995a; 1995b). Fluxes and pools of C and N are also calculated and account 
for the exchange from uptake by plants from the soil and atmosphere and are partitioned within 
different parts of the plants (roots, stems, leaves, etc.; Kucharik et al., 2000). This study holds the 
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same assumptions and approach as VanLoocke et al. (2017), except using N application rates and 
land use allocation from BEPAM. Further description of Agro-IBIS and the development of 
miscanthus and switchgrass algorithms are found in VanLoocke et al. (2017). 
2.2.5 THMB Description 
The hydrological model THMB simulates transport, removal, and storage of N and water 
at multiple temporal resolutions for the 5 min x 5 min (~7 km x 9 km) spatial resolution. In this 
study, THMB uses heterogeneously weighted output data from Agro-IBIS simulations for the 
three policy scenarios to drive simulations (Coe, 1998; Donner et al., 2002; shown in Figure 2.1; 
Appendix A). This model allows one to estimate how much N and water reach the outlet of a 
specific watershed. For this study, we use the MARB outlet where the Mississippi River meets 
the Gulf of Mexico. For additional information, see VanLoocke et al. (2017). 
2.2.6 Model Evaluations 
Before simulating the policy scenarios mentioned above, the updated versions of BEPAM 
and Agro-IBIS used for this study were validated. We compared simulated outcomes from 
BEPAM to the observed crop acreage, crop production, biofuel production, and commodity 
prices for 2016. We also compared output from the base version of Agro-IBIS previously 
evaluated with observed streamflow and DIN observations from the USGS (VanLoocke et al., 
2017) to the updated version of Agro-IBIS used in this study (see Appendix B). These Agro-IBIS 
and THMB model outcomes have been compared to observed streamflow and DIN export for the 
MARB in previous studies (Donner et al., 2002; Donner and Kucharik, 2003; 2008; VanLoocke 
et al., 2017). For both BEPAM and Agro-IBIS, row crop production area and yields were similar 




2.3.1 Land Use and Nitrogen Leaching in the RFS1 Baseline Scenario 
We consider the RFS1 baseline scenario (biofuel production at levels before the RFS2) to 
be the baseline for land use, N application, leaching, and export (Table 2.1; 2.2; 2.3). Under the 
RFS1 baseline scenario, row crops made up 63.41 million hectares (M-Ha) with 9.34 and 13.13 
M-Ha in continuous corn and corn-soybean rotation, respectively (Table 2.2). The spatial 
distribution of corn area was heavily concentrated in eastern Nebraska, Iowa, and Illinois (i.e., 
the Corn Belt region of the MARB; Figure 2.3a). Total N applied to corn was 4.56 million metric 
tons of N (MMT-N), which was 77% of the total N applied in this scenario (Table 2.2; Figure 
3.4a). The total amount of N leached within the MARB was 3.44 MMT-N, with 1.42 MMT-N 
exported to the outlet of the MARB (Table 2.3). Differences in simulated streamflow at the 
MARB outlet between the policy scenarios were negligible (Table 2.3). 
2.3.2 Effect of the Corn Ethanol Only Scenario on Land Use and Nitrogen Leaching 
The implementation of the corn ethanol only scenario resulted in a significant increase in 
the demand for corn relative to the RFS1 baseline scenario. Specifically, the demand for corn 
production in the domestic market increased from 281.5 MMT in the RFS1 baseline scenario to 
340.4 MMT under the corn ethanol only scenario in 2030. An increase in corn price (grain) led 
to a 20% increase in area under corn production relative to the RFS1 baseline scenario (Table 
S3). The total area under crop production and applied N within the MARB increased by 3% and 
13%, respectively, relative to the RFS1 baseline scenario for the year 2030 (Table 2.2). We 
found that the additional demand for corn ethanol led to an expansion in corn area (continuous 
corn and corn-soybean rotation combined) in the Midwest and Great Plains, primarily on land 
already under crop production (Figure 2.3a; Figure 2.5a,b; Table 2.2). However, there was also 
some conversion of cropland that would have otherwise become idle (in the RFS1 baseline 
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scenario), to remain in crop production. This left 4.52 M-Ha as idle cropland in the MARB for 
the corn ethanol only scenario. (Table 2.2; Figure 2.6a).  
Of the 20% increase in total corn area, 17% occurred on active cropland and the 
remaining 3% on idle cropland. Areas under both continuous corn and corn-soybean rotation 
area increased (33% and 14%, respectively) relative to the RFS1 baseline scenario. This 
corresponded to a total increase of 19% in N applied to the corn area relative to the RFS1 
baseline scenario (Table 2.2, Figure 2.4b). The spatial distribution of the converted corn land 
under the corn ethanol only scenario was concentrated within CRDs having a comparative 
advantage in producing corn (relative higher yields and lower production costs) and are located 
in Midwestern states including Iowa, Illinois, and Kansas (Figure 2.3a).   
Simulated N leaching rates vary throughout the MARB and areas with higher leaching 
(Figure 2.7) align with the regions with increases in applied N across scenarios (Figure 2.8). 
These areas correspond with the highest fractions of continuous corn and corn-soybean rotation 
and are primarily in the Corn Belt region and along the Mississippi River (Figure 2.3a,b; Figure 
2.5a). Higher N leaching rates occur within Illinois, Indiana, northeast Louisiana, and areas 
where there was an increase in corn production and N application relative to the RFS1 baseline 
scenario (Figure 2.8a). The total amount of N leached within the MARB for this scenario was 
3.70 MMT-N, or an 8% increase relative to the RFS1 baseline scenario (Table 2.3). This increase 
was due to the substantial increase in total corn production (20%) and applied N (19%) between 
the two scenarios. The increase in N leaching led to 1.53 MMT-N of DIN export to the outlet of 
the MARB even though streamflow rates did not change significantly (Table 2.3). 
2.3.3 Effect of the Corn + Cellulosic Ethanol Scenario on Land Use and Nitrogen Leaching 
Of the 16 billion gallons of cellulosic biofuel in the corn + cellulosic ethanol scenario, 
8.68 billion gallons were from crop residues (mainly corn stover; 8.15 billion gallons) and 7.32 
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billion gallons from energy crops (largely miscanthus; 7.29 billion gallons). There was not a 
significant change in the total crop area and spatial distribution of the area under corn (Figure 
2.3b,c; Figure 2.5b), but there was a shift from the corn-soybean rotation to continuous corn due 
to the corn stover collection incentive relative to the corn ethanol only scenario (Figure 2.9).  
Of the 2.55 M-Ha converted to perennial bioenergy crops (largely miscanthus, 2.53 M-
Ha), approximately 70% (1.78 M-Ha) was on cropland that would have become idle over time, 
while only 30% (0.77 M-Ha) was on land diverted from active crop production (Table 2.2; 
Figure 2.10b). Perennial grass production was primarily located south of the Corn Belt region, 
from eastern Oklahoma to Virginia, east Texas, and Alabama (Figure 2.10a). By comparing the 
spatial distribution of energy crops (Figure 2.10a) and idle cropland (Figure 2.10b,c), we found 
that a large portion of idled cropland conversion to perennial bioenergy crops took place under 
the corn + cellulosic ethanol scenario, specifically in Ohio, Tennessee, Louisiana, eastern 
Arkansas, and western Mississippi. The cropland area that had residue removal consisted of 
21.21 M-Ha (Table 2.2) and was concentrated in Midwestern regions such as northern Illinois, 
central Iowa, eastern Nebraska, and eastern South Dakota, areas that correspond to relatively 
higher residue yields or lower production costs. The average yield of corn stover in the 
Midwestern region was 2.6 MT/ha, which was at least 20% higher than other regions. In 
contrast, the average production cost of corn stover was only around $50/MT, which was 
relatively low compared to other regions. 
The general pattern of the spatial distribution of N application in the corn + cellulosic 
ethanol scenario was similar to the corn ethanol only scenario (Figure 2.4b,c; Figure 2.8b), 
except for a net increase in the Midwest and Great Plain states. The changes of N application 
also varied across different CRDs due to the heterogeneity of residue yields, production costs, 
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and opportunity costs of land. We found a net decrease in total N application occurred in 
Nebraska, Missouri, and the northwestern part of Iowa (Figure 2.8b) because these regions were 
associated with relatively lower yields and higher production costs.  The N application in the 
corn area increased by 1% under the corn + cellulosic ethanol scenario relative to the corn 
ethanol only scenario due to the demand for stover biomass (Table 2.2). This slight increase in N 
application (0.43 MMT-N) accounts for N removed in the stover residue due to the switch to 
continuous corn to increase stover production (Table 2.2).  
N leaching in the corn + cellulosic ethanol scenario increased by 8% relative to the corn 
ethanol only scenario (Table 2.3) with bands of increased leaching located in northern and 
central Illinois and portions of Wisconsin, or where stover removal from the land under corn 
production occurs (Figure 2.11b). DIN export for the corn + cellulosic ethanol scenario was 1.66 
MMT-N, a 9% increase relative to the corn ethanol only scenario (Table 2.3). 
2.3.4 Interactions of Residue Removal and Perennial Bioenergy Crops on Nitrogen 
Leaching 
Residue removal creates an incentive for continuous corn production rather than a corn-
soybean rotation and occurs mainly within the Corn Belt region of the MARB (Figure 2.5d). A 
small fraction of the residue removal consisted of straw removal on land under wheat production, 
but the impacts of straw residue removal on N leaching for this area were negligible. This 
analysis found that the area of continuous corn production with stover removal plays a role in the 
increase of N leaching and DIN export in the corn + cellulosic ethanol scenario relative to the 
corn ethanol only scenario (Figure 2.8).  
We simulated three additional sensitivity scenarios to identify the interactions between 
stover removal and energy crops on N loss. In sensitivity scenario 1, we assume no additional N 
application to compensate for corn stover removal. The land use implications remain the same as 
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in the benchmark model (corn + cellulosic ethanol scenario; Table 2.2), but total N loss 
decreases by 4% relative to the corn + cellulosic ethanol scenario and increases by 4% relative to 
the corn ethanol only scenario (Table 2.3). For sensitivity scenario 2, we consider residue to be 
the only source of cellulosic ethanol (8.7-billion-gallons; no perennials). The land use and N 
applied were nearly identical to the benchmark model (Table 2.2), and there was a 1% increase 
in N loss relative to the benchmark (Table 2.3; Figure 2.12). 
In sensitivity scenario 3, we assume that the 16 billion-gallon cellulosic ethanol mandate 
is met entirely by perennial bioenergy crops and no corn stover. This assumption increases the 
demand for perennial bioenergy crops and land allocation from 2.55 M-Ha in the corn + 
cellulosic ethanol scenario to 7.64 M-Ha (consisting only of miscanthus), which doubled the 
amount of miscanthus on active cropland (32% on idle cropland; 68% on active cropland). The 
increase in the demand raised the market price of row crops and led to a conversion of idle 
cropland into row crop production. The prices of corn, soybean, and wheat under scenario 3 
increased by 20%, 22%, and 11%, respectively, relative to those under the RFS1 baseline 
scenario, while the net return of land doubled relative to that of the RFS1 baseline scenario 
(Table S3). We find 24% more idle cropland was converted to row crops when the cellulosic 
ethanol demand is met entirely by perennial bioenergy crops relative to the corn + cellulosic 
ethanol scenario (Table 2.2, Figure 2.6).  
Both N leaching and DIN export decreased when using only perennial bioenergy crops to 
meet the cellulosic ethanol portion of the RFS2 mandate relative to the corn + cellulosic ethanol 
(10%) and the corn ethanol only (2%) scenarios. However, there was a 6% increase in N 
leaching and DIN export relative to the RFS1 baseline scenario (Table 2.3). This analysis shows 
a greater reduction in N loss relative to the corn + cellulosic ethanol scenario due to the increase 
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in the portion of miscanthus production on active cropland, which displaces N-intensive row 
crops. There was a significant increase in perennial crop production compared to the original 
corn + cellulosic ethanol scenario (Figure 2.13; 2.14) and potential for it to occur on 
economically viable cropland when the production of corn stover is excluded. 
2.4 Discussion 
Previous studies have analyzed the water quality implications of one biofuel feedstock at 
a time with exogenously determined land allocation (Donner and Kucharik, 2008; VanLoocke et 
al., 2017) or have considered economically viable land use changes at a small watershed scale 
(Housh et al., 2015). However, this study presents the first unification of basin-scale predictions 
of DIN export with an economically viable mix of bioenergy feedstocks with spatially explicit 
land use scenarios to meet the demands of the RFS2. We designed an integrated economic-
biophysical modeling framework to assess market incentives for producing different feedstocks, 
the location and type of land they would displace, and the amount of N loss associated with three 
potential policy scenarios. Our results indicate that meeting the 16 billion-gallon cellulosic 
ethanol mandate (corn + cellulosic ethanol) would require an increase in both agricultural land 
for corn production and N application. With this, the incorporation of removal and the 
conversion of idle cropland to perennial bioenergy crops will also have to take place. Using 
residue as the sole contribution of cellulosic ethanol (residue only sensitivity scenario), the area 
of land under row crops would not be displaced, but the additional N required for these crops 
would lead to greater N loss than if perennial bioenergy crops were included. The potential to 
improve water quality with this scenario depends primarily on the mix and placement of 
feedstocks. These results indicate that DIN export into the Gulf of Mexico could continue to 
increase as we meet the 16 billion-gallon cellulosic ethanol mandate (Table 2.3).   
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One key finding from this study was that the inclusion of corn stover as a feedstock to 
meet the RFS2 goals has the potential to increase N loss in two ways. Firstly, an increase in N 
loss in the corn + cellulosic ethanol scenario relative to the corn ethanol only scenario was 
attributed to the shift in the area from the corn-soybean rotation to continuous corn due to the 
demand for corn stover (Table 2.2; 2.3). Agro-IBIS simulated higher N leaching rates for 
continuous corn than corn-soybean rotation, which was consistent with previous studies (Randall 
and Mulla, 2001; Castellano et al., 2012), contributing to the increase in N loss across the MARB 
for the corn + cellulosic ethanol scenario. Secondly, there was a slight increase in N application 
on continuous corn production area and additional N applied for nutrient compensation with 
stover removal. The production of perennial bioenergy grasses included to reach the 16 billion-
gallon cellulosic ethanol mandate required only a small fraction of N to be applied relative to the 
total N application but showed no significant impact on reducing N losses to the Gulf of Mexico. 
The most significant factor determining the effect of land use change to perennials on N loss 
within the MARB depended on the type of land displaced by perennial grasses. Since the 
majority of the land displaced by these grasses was idle cropland with low leaching potential, no 
significant reduction in overall N leaching was obtained and there was no significant impact on 
DIN export to the MARB (Table 2.3; Figure 2.11).  
A second key finding from this study was that perennial bioenergy grasses have 
significant potential to reduce N loss compared to corn stover. The incentives generated by the 
RFS2 for corn stover as a feedstock can impact water quality in three major ways. First, by 
creating economic incentives to change land use from corn-soybean rotations to the more N-
intensive continuous corn to produce more stover. Second, by leading to the addition of more N 
to replace the N removed with the stover and third, by affecting the amount of residue left to 
37 
 
decay on the land and N that can leach. The presence of corn stover as a feedstock also lowers 
biomass price and reduces the competitiveness of perennial bioenergy crops on cropland where 
they can displace N-intensive row crops. The sensitivity analysis that includes residue removal 
but no additional replacement N application showed a minimal decrease in N loss relative to the 
corn + cellulosic ethanol scenario. The residue only sensitivity scenario showed the potential to 
further increase N loss if perennials are not included as a viable cellulosic ethanol option. The 
sensitivity analysis that requires all cellulosic ethanol to come from perennial bioenergy grasses 
shows that it is possible to obtain a 7% reduction in DIN export relative to the benchmark corn + 
cellulosic ethanol scenario; this would lower DIN export to below the corn ethanol only 
scenarios (Figure 2.13). This sensitivity analysis is evidence that the land use change induced by 
the demand for perennial bioenergy grasses to obtain the cellulosic portion of the RFS2 mandate 
that has significant potential to reduce the amount of N loss into the Gulf of Mexico. 
2.4.1 Comparison of Land Allocation, Applied Nitrogen, and Nitrogen Loss in the MARB 
to Previous Work 
2.4.1.1 Land Allocation 
The formulation and structure of BEPAM presented here were the same as that used in 
Chen et al. (2014) and Hudiburg et al. (2016). However, as we described in Section 2.2.3, we 
updated the amount of cropland and availability of non-cropland, N application rates, crop 
production costs, and crop yield from 2007 levels to 2016 levels. The allocation of land within 
this study was similar to that in Chen et al. (2014), who found that corn area increased by over 
20% to produce the 15 billion gallons of corn ethanol in 2030. In the corn + cellulosic ethanol 
scenario, our findings were also similar to that of Hudiburg et al. (2016) and Khanna et al. 
(2017), who found that an additional 16 billion gallons of cellulosic ethanol had negligible 
effects on total land allocated to food production since only a small portion of land converted to 
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perennial bioenergy grasses would come from active cropland. We also found a similar shift of 
area from corn-soybean rotations to continuous corn due to the demand for corn stover with the 
cellulosic mandate, as documented in previous studies (Hudiburg et al., 2016; Khanna et al., 
2017). Our land allocation estimates for corn in 2030 were smaller than those predicted by 
Donner and Kucharik (2008) for 2022; both studies held the same 1% exogenous yield increase, 
and as a result, the extension of our analysis to 2030 resulted in a lower need for land under corn 
to meet given demands. Our main findings on the spatial distribution of corn and perennial 
bioenergy crops were also consistent with those documented in the previous studies in which 
perennial crops were mostly grown in the Southeast US and did not replace the annual crops in 
the Midwest under all cellulosic biofuel mandate scenarios (Hudiburg et al., 2016; Chen et al., 
2014; Dumortier et al., 2017).  
The factors that drive the spatial distribution of this land allocation include yields of 
crops, production costs, and opportunity costs of land (endogenously determined by BEPAM). 
Similar to previous literature, the yields and production costs were the leading factors that drive 
the land allocation in our study as well. For instance, the land with residue collection was 
primarily concentrated in the Midwestern states due to the relatively high yields and low 
production costs, as noted in the result section (Section 2.3.2 and 2.3.3). Similarly, the spatial 
distribution of perennial grasses was mainly located in the south, where the yields of miscanthus 
and switchgrass were relatively higher (Section 2.3.3). However, unlike the previous literature 
that prescribed land use allocation to energy crops exogenously and did not consider the 
economic viability of that land conversion (Feng et al. 2018; Guo et al. 2017; Wang et al., 2018; 
VanLoocke et al., 2017), our findings show that the opportunity costs of converting land to 
energy crops, which was determined by the returns from row crop production, contribute to the 
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spatial pattern of land allocation to energy crops as well. Although the yields of energy crops in 
the Great Plains were much lower compared to those in the south (Section 2.3.3), energy crops 
could be planted in the Great Plains if the opportunity costs of land are relatively low as well. 
Our findings also show that idle land availability significantly contributes to the spatial 
distribution of energy crops. We show that 70% of energy crops were planted on land that was 
expected to become idle over time. The spatial distribution in idle land in this study was different 
from previous literature that defines idle land as land with low soil quality or land capability 
class (Feng et al. 2018; Guo et al. 2017; Wang et al., 2018) or as land in cropland pasture 
(Hudiburg et al., 2016). We defined idle land as economically marginal land that was at the 
borderline of profitability and tended to frequently convert its use between crop and non-crop. 
Compared to the static definition of non-cropland in previous studies, our definition of idle land 
is dynamic and varies across years. We find around 10% of land in the Great Plains would move 
out of crop production and convert to idle land under the RFS1 Baseline scenario due to the 
decrease in the commodity prices for crops over the study period and lower expected returns for 
crop production (Section 2.3.3). A significant portion of energy crops would be planted on this 
land in the Great Plains instead of the southern region of the MARB due to its relatively low 
opportunity cost. 
2.4.1.2 Applied N and N Loss 
Our N application levels were similar to the N fertilizer levels in Donner and Kucharik 
(2008). We used similar but more recent, N application rates derived from the USDA ARMS 
database (USDA, 2018). However, we made two assumptions in our study that were different 
from Donner and Kucharik (2008). One was that we assumed the requirement of additional N 
application to compensate for the removal of plant nutrients with stover harvest. The other was 
that we assumed the fertilizer application rates per hectare for annual crops would increase 
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slightly with growth in crop yields. However, these two assumptions only have negligible effects 
on the total amount of fertilizer applied in the MARB region, as discussed above. This modeling 
approach was built off of several other modeling studies that were able to closely replicate 
historical and current DIN export at the scale of the MARB without considering manure 
application (Donner et al., 2004; Donner and Kucharik, 2008; VanLoocke et al., 2017). Manure 
application can have a significant impact at smaller scales and in specific watersheds and for 
other nutrients such as phosphorus (Roberson and Saad, 2013). However, we did not consider the 
application of manure due to the spatial resolution of available data and the accuracy of the 
previous work upon which it builds. However, if manure were to be considered in these studies, 
application rates would remain constant between crops and scenarios. Since this study's primary 
purpose was to determine the change in N loss between scenarios, incorporating manure into our 
scenarios would have no significant change in our results. 
Our study shows the simulated distribution of N leaching and DIN export into the Gulf of 
Mexico to be similar to previous studies. Robertson and Saad (2013) use the SPARROW model. 
Their business-as-usual scenario for 1980-2007 averaged a total amount of DIN export to equal 
1.35 MMT-N, which was slightly lower than the DIN export under the RFS1 baseline scenario 
within this study. The most considerable fraction of DIN export from the MARB was attributed 
to the central Corn Belt regions (Robertson and Saad, 2013). Similar to previous studies, we 
found that N leaching increased with fertilizer application (Robertson and Saad, 2013) and that 
approximately 40% of leached N reached the Gulf of Mexico (Donner et al., 2004). Similar 
policy studies using Agro-IBIS and THMB found that an approximate 8-19% increase in area 
under corn production would lead to a 5-14% increase in total DIN export to the Gulf of Mexico 
for the 15 billion-gallon scenario relative to the 2007 production levels (Donner and Kucharik, 
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2008). The results from a similar scenario in our study showed that corn production increased by 
20% and DIN export increased by 8% in the corn ethanol only relative to the RFS1 baseline 
scenario. Similar to studies using the SWAT model (Guo et al., 2017; Wang et al., 2018), we 
show that perennials can substantially reduce N loss. While Guo et al. (2017) found that corn 
stover removal did not have a significant impact on N loss, they only focused on a small 
watershed and did not consider economically viable corn stover production. They concluded that 
an economic analysis of bioenergy crop production in the entire MARB is needed. 
2.4.2 Considerations for Future Studies 
Our analysis shows that a biofuel mandate, like the RFS2, that considers all cellulosic 
feedstocks to be similar will induce production of the lowest cost feedstocks (like corn stover) 
and in the lowest cost locations (such as miscanthus on idle croplands in the southeast and the 
south-central US) without considering their water quality impacts. The national scale of our 
study resulted in some simplifying assumptions regarding land management across a given CRD 
(e.g. manure application and edge-of-field practices) that may impact water quality, especially in 
smaller watersheds where those practices are prevalent. We leave this for future research to 
examine the implications of including manure application on the effects of biofuels on water 
quality at the MARB scale. We also do not consider tile drainage in our analysis. Tile drains can 
affect the amount of leaching transported to the Gulf, but there is considerable uncertainty about 
the depth, spacing, and materials used in existing tile drains. We expect that the effect of tile 
drainage in our analysis will be similar across the three scenarios considered here. Hence it is 
unlikely to affect the difference in leaching that can be attributed to biofuels across scenarios. 
We leave this area for future research to examine.  
Our sensitivity analysis showed that removing corn stover from the list of feedstocks 
used for cellulosic biofuels could create economic incentives to produce miscanthus on active 
42 
 
cropland, and therefore reduce N loss at the MARB scale. While N leaching and DIN export 
were the sole focus of this study, increases in both applied N and N leaching also have the 
potential to increase other N losses like nitrous oxide (Griffis et al., 2017). Therefore, using 
perennial bioenergy crops can lead to improvements in water quality and other pertinent 
environmental services (Cacho et al., 2018). The RFS2 only considered greenhouse gas (GHG) 
intensity of cellulosic feedstocks as a requirement for compliance and did not consider that 
feedstocks with qualifying GHG emissions may have very different water quality implications. 
Therefore, to achieve the ecosystem service potential of reducing N loss to the atmosphere and 
water as well as GHG emissions, it is crucial to design supplementary policies that reward 
farmers for changing land use towards bioenergy crops and providing these multiple services. 
Doing so can increase incentives for farmers to grow energy crops as an approach to reduce N 
losses and not to grow them only on land where it is most profitable (absent valuation of 
ecosystem services). This can lead to a realization of their potential to reduce GHG emissions 
and improve water quality throughout the MARB. 
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Table 2.1: Detailed descriptions of BEPAM policy (white) and sensitivity (grey) scenarios. 
 
Policy Scenario Description 
RFS1 Baseline 
7.5-billion-gallons of corn ethanol mandate and 0.3-billion-gallons of soybean-based biodiesel targeted by 
the RFS1 mandate prior to the RFS2. 
Corn Ethanol Only 
14.5-billion-gallons of corn ethanol mandate in 2016 and 15-billion-gallons of corn ethanol mandate over 
the period of 2017-2030 
Also includes a biodiesel mandate of 0.17-billion-gallons corn-based biodiesel, 0.8-billion-gallons 
soybean-based biodiesel and 0.7-billion-gallons waster-grease and other biodiesel over the period of 2016-
2030 
Corn + Cellulosic Ethanol Includes the same corn and biodiesel mandate as the RFS with corn ethanol only scenario along with the 
cellulosic ethanol growing gradually to a minimum of 16-billion-gallons from 2016 to 2030 
Corn + Cellulosic Ethanol: No 
Extra N 
Includes the same corn and biodiesel mandate as the RFS with corn + cellulosic ethanol scenario, but does 
not include extra nitrogen required for nutrient compensation of stover removal 
Corn + Cellulosic Ethanol: 
Residue Only 
Includes the same corn and biodiesel mandate as the RFS with corn ethanol only scenario, but includes 8.7-
billion-gallons of cellulosic ethanol from residue only, no cover crops included 
Corn + Cellulosic Ethanol: 
Perennial Only 
Includes the same corn and biodiesel mandate as the RFS with corn + cellulosic ethanol scenario, but does 








Table 2.3: Total N leached in the MARB with each policy scenario: Agro-IBIS and THMB-









Figure 2.1: Schematic of the integration of the economic model BEPAM (grey boxes) and the 














Figure 2.2: Land use fraction of crop per grid cell determined by BEPAM for (a) RFS1 baseline, 
(b) corn ethanol only (c) stover only and (d) corn + cellulosic ethanol scenarios. These fractions 
are used to weigh the Agro-IBIS output for THMB. *Note that Switchgrass is not shown because 







Figure 2.3: Area of land under corn production in the MARB region in 2030 for (a) RFS1 






Figure 2.4: Total N applied under (a) RFS1 baseline, (b) corn ethanol only and (c) corn + 








Figure 2.5: Differences of spatial distribution for area of land under corn production within the 
MARB between (a) corn ethanol only minus RFS1 baseline scenarios and (b) corn + cellulosic 







Figure 2.6: Changes of land allocation in the MARB region (2016-2030) (a) under the corn 







Figure 2.7: Total annual N leaching rate (kg N/ha) under (a) RFS1 baseline, (b) corn ethanol only 





Figure 2.8: Difference of spatial distribution for applied N between (a) corn ethanol only minus 
RFS1 baseline scenarios and (b) corn + cellulosic ethanol scenario minus corn ethanol only 








Figure 2.9: Area of land under corn stover collection for (a) RFS Residue only scenario (b) corn 





Figure 2.10: Area of land under (a) energy crop production for the corn + cellulosic ethanol 
scenario, (b) idled cropland under the corn ethanol only scenario, and (c) idled cropland under 












Figure 2.11: Difference of spatial distribution for total annual N leaching rate between (a) corn 
ethanol only minus RFS1 baseline scenarios and (b) corn + cellulosic ethanol scenario minus 















Figure 2.12: (i) Area of land under corn production and (ii) total N applied in the MARB region 







Figure 2.13: Land use fraction of crop per grid cell determined by BEPAM for scenario 3 from 
the sensitivity analysis for the corn + cellulosic ethanol scenario. This scenario only includes 
perennial bioenergy grasses in the cellulosic ethanol portion (no corn stover). These fractions are 
used to weight the Agro-IBIS simulation output to be used within THMB. *Note that 




Figure 2.14: Area under miscanthus for (a) the corn + cellulosic ethanol scenario and (b) scenario 
2 from the sensitivity analysis for the corn + cellulosic ethanol scenario (includes perennial 
bioenergy grasses in the cellulosic ethanol portion and no corn stover) at the CRD level. 
58 
 
Appendix A. Land Allocation, Fertilizer, Costs, and Yield Assumptions in BEPAM 
A.1 Land Allocation in BEPAM 
We compiled CRD-specific data on land availability for each of the four types of land 
(active cropland, idle cropland, permanent pastureland and forestland pasture). The active 
cropland and idle cropland in 2016 was identified by Jiang et al., (under review) using the 
USDA’s cropland data layer (CDL; USDA; 2015). Specifically, the active cropland was 
identified as land that was permanently in crop production over the 2008-2016 period while land 
that was frequently transitioning between crop and non-crop was defined as marginal land. Of 
this marginal land, land that was in non-crop use in 2016 was defined as idle land. Marginal land 
that was in crop production 2016 was added to permanent cropland to define total cropland in 
2016. More technical details can be found in Jiang et al., (under review).  
We assumed an exogenous growth in yields (1%) and an upward shift of domestic 
demand, export demands and import supplies over time at exogenously specified rates based on 
the Food & Agricultural Policy Research Institute (FAPRI; FAPRI, 2019). Therefore, the 
acreage of active cropland (under crop production) and idle cropland (temporarily out of crop 
production) across the alternative policy scenarios changed over time. Active/idle cropland can 
move freely between the production of alternative crops without extra cost, but subject to a 
convex combination of both historical and synthetic crop mixes, and upper limit of total cropland 
acreage in BEPAM. We also imposed a 25% limit on the amount of active and idle cropland in a 
CRD that could be converted to perennial grasses. This constraint was intended to account for 
other factors such as inertia, transactions costs, risks and uncertainties that could limit the 
conversion of land to energy crops even if it were profitable to do so. Data on other types of land 
such as forestland, shrubland and rangeland were obtained from NASS – Quick stats database 
(USDA, 2016) and aggregated to CRD level as described in previous studies (Chen et al., 2014; 
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Hudiburg et al., 2016). These land types were assumed to remain fixed across alternative policy 
scenarios. 
A.2 Weighting of Land Allocation from BEPAM 
Land allocation data (in million hectares) for each major row crop simulated in Agro-
IBIS (corn, soybean, wheat, miscanthus, switchgrass) was provided from the BEPAM 
simulations for each of the three policy scenarios. These land allocations were broken down by 
tillage/irrigation combinations mentioned in section 2.2.2 above. First, we created the fraction of 
tillage/irrigation for each crop type by dividing the gridded land allocation map for each 
combination by the total land area for each crop per scenario. For the corn + cellulosic ethanol 
scenario, we included area where corn and wheat stover were removed within these 
combinations (i.e., total combinations went from four to eight). Next, we calculated the total area 
available in each grid cell at the resolution required for THMB (5 min x 5 min). The area of 
natural vegetation was calculated by taking the total area in each grid cell minus the total area for 
the crop types simulated in Agro-IBIS (i.e., no policy and corn ethanol only included continuous 
corn, continuous soybean, corn-soybean rotation and continuous wheat. The corn + cellulosic 
ethanol scenario included miscanthus and switchgrass in addition to the previously stated row 
crops). From there, the fraction of total land use was calculated by dividing each crop type 
(continuous corn, continuous soybean, corn-soybean rotation, continuous wheat, natural 
vegetation and miscanthus and switchgrass for the corn + cellulosic ethanol scenario) by the total 
area available per grid cell. This created land use fraction maps as shown in Figure 2.2 and 2.13. 
These maps were used within THMB to weight the output from Agro-IBIS (listed in section 




A.3 Fertilizer Assumptions in BEPAM 
 The rates of nitrogen application per unit crop yield (kilogram N per metric ton; kg-N/MT) 
at the state level were calculated by state-level nitrogen fertilizer received per hectare (kg-N/ha) 
and yields of related crops (metric ton per hectare, MT/ha) in 2016 (USDA, 2018). We assumed 
that nitrogen input rates (kg-N/MT) remained fixed while the crop yields per hectare for main 
crops (corn, soybean and wheat) increased by around 1% due to exogenous technological change 
each year. These together with the endogenously determined crop-specific land allocations (ha) in 
2030 were used to estimate the rate of nitrogen application (kg-N/ha) in 2030 for all row crops at 
the CRD level varies by land-type (cropland vs. marginal land/idled cropland), choice of tillage 
(no tillage vs. conventional tillage) and irrigation type (rainfed vs. irrigated) while estimates for 
energy crops vary only by land-type. We also assumed harvesting corn stover in addition to the 
grain would result in greater removal of plant nutrients.  
To compensate for the loss of nutrients in the soil, we assumed additional equivalent 
percentages of nitrogen fertilizer should be applied as we removed and collected residues. 
Specifically, we compensated 30% additional nitrogen fertilizer for conventional tillage and 50% 
for no-tillage. We also assumed 25 and 100 kg-N/ha of nitrogen fertilizer would be applied for the 
miscanthus and switchgrass production in each year, respectively (Hudiburg et al., 2016; Owens 
et al., 2012). 
A.4 Costs and Yield Data for BEPAM 
Observed yield of each row crop at the CRD level was obtained from NASS - Quick Stats 
database (USDA, 2016) with residue yield estimated in BEPAM as tons of dry matter per hectare. 
We assumed the productivity of active cropland was identical to the observed yield of each row 
crop while the productivity of idle cropland was degraded by a soil quality index due to the absence 
of observed yields on idle cropland. In the absence of long term observed yields for miscanthus 
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and switchgrass, we used Agro-IBIS to simulate the potential yields for dedicated energy crops in 
each CRD, following the modified algorithm developed by VanLoocke et al., (2012). We assumed 
the yields of both energy crops to be identical in active and idle cropland since Agro-IBIS does 
not distinguish these land types.  
County-level data on costs of rotation, tillage, and irrigation based on 2016 prices for row 
crops were obtained from the enterprise crop budgets and aggregated into CRD level data. The 
costs of collecting corn stover and wheat straw included the additional cost of fertilizer that 
needs to be applied to replace the loss of nutrients due to removal of the crop residues, and the 
costs of harvesting stover and straw. The cost of energy crop production was summarized for 
three stages of its lifespan according to the field inputs and operations: first year (establishment 
year), second year and then third year and after, based on the enterprise budgets obtained from 
Hoque et al., (2014a; 2014b). 
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Appendix B. Agro-IBIS and THMB Validation 
The updated version of Agro-IBIS used for this study was forced with the same input data 
(weather, soil texture, and fertilizer data) and weighted using the same land use allocation files 
from VanLoocke et al., (2017). that used a similar version of the model. A comparison between 
the control scenario from VanLoocke et al., (2017) and the validation run with the updated version 
of Agro-IBIS can be shown in Figure 1. The average percent change in N leaching for the entire 
MARB was a 1.6% increase for the updated version of Agro-IBIS relative to the previous version. 
In Figure A.1b, positive N leaching values mean the updated version of Agro-IBIS overestimated 
the total N leaching while the negative values mean the updated version underestimated the total 
N leaching relative to the control scenario in VanLoocke et al., (2017).  As for DIN and streamflow 
from THMB, VanLoocke et al., (2017) had 22-year average DIN and streamflow values of 0.85 
MMT-N and 29,258 m3/s, while our study bared 0.78 MMT-N and 27,109 m3/s, respectively. The 
version of THMB between the two studies remains the same and bared similar results with less 
than 8% error. 
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Figure 1: For Agro-IBIS Model validation we evaluated the (a) percent increase in total N 
leached and (b) the total increase in total N leached within the MARB for this study compared to 




CHAPTER 3.    IMPROVING AN AGROECOSYSTEM CROP MODEL TO SIMULATE 
REPRODUCTIVE HEAT STRESS AND VAPOR PRESSURE DEFICIT SENSITIVITY 
ON CROP PRODUCTION UNDER A CHANGING CLIMATE 
Modified from a manuscript in prep. 
Kelsie M. Ferin1, Stefan Leiss2, Tracy Twine2, Carl Bernacchi3, Andy VanLoocke1 
1 Department of Agronomy, Iowa State University, Ames, Iowa USA 
2 Department of Soil, Water, and Climate, University of Minnesota, St. Paul, Minnesota USA 
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3.1 Introduction 
Carbon dioxide (CO2), temperature, and vapor pressure deficit (VPD) all play an essential 
role in agricultural production by affecting the rate of carbon (C) and nutrient uptake and water 
loss and are predicted to increase in future years (Collins et al., 2013; Lobell et al., 2014; 
Sherwood et al., 2020; Gutowski and Takle, 2020). For instance, global average CO2 
concentration ([CO2]) is projected to increase to 500 ppm by 2050 and has the potential to reach 
levels as high as 900 ppm by the end of the 21st Century (Collins et al., 2013). Driven by this 
increase in [CO2], reports suggest our climate is trending towards an increase in global average 
temperature ranging from 1.5 °C to 4.5 °C (Collins et al., 2013). A more recent study has shown 
that the more likely range of warming is between 2.6 °C to 3.9 °C per doubling of CO2 
(Sherwood et al., 2020). Additionally, increases in atmospheric temperature without additional 
moisture (constant relative humidity) can lead to a 5.8% increase in VPD for each 1 ˚C increase 
in temperature through the Clausius-Clapeyron equation.  
Future global projections show an approximate 20-40% reduction in corn yields and        
-10% to +40% change in soybean yields by the end of the 21st Century under the Representative 
Concentration Pathway (RCP) 8.5 warming scenario (Rosenzweig et al., 2014). A multitude of 
66 
 
factors affecting plant growth and photosynthesis within a given day can aggregate into iterating 
effects on yield within a growing season. Therefore, it is important to separate these effects on 
yield to represent them mathematically and to determine the individual and combined effects that 
CO2, temperature, and VPD have on yield in future climates. 
Increases in future atmospheric [CO2] have the potential to increase crop productivity. 
When growing conditions are optimal (i.e., no stress), elevated [CO2] can directly stimulate 
photosynthesis in C3 crops (i.e., soybeans; Bagley et al., 2015). The direct stimulation for C3 
crops is part of the CO2 fertilization effect on yield that increases [CO2] within the mesophyll 
cells at the site of Rubisco. Therefore, it can increase photosynthesis and crop yield (Long et al., 
2004; 2006). As for C4 crops (i.e., maize), Rubisco activase sites are typically already saturated 
with CO2 within the bundle sheath cells, meaning that an increase in [CO2] will not directly 
increase the rate of photosynthesis (Leakey et al., 2004; Long et al., 2004; 2006). However, an 
increase in water savings through a reduction in stomatal conductance can indirectly increase 
yield in C3 and C4 crops (Long et al., 2004; 2006; Bagley et al., 2015). For example, an increase 
in atmospheric [CO2] can increase the water use efficiency (WUE) at the leaf level (i.e., the same 
amount of CO2 will be taken up but less water will be lost through the stomatal openings) and the 
rate of transpiration will decrease while keeping the rate of photosynthesis constant (Ort and 
Long, 2014). 
Elevated temperature can reduce crop yields in two ways: (1) the indirect effect on leaf 
scale ecophysiology due to a reduction in the specificity and solubility of Rubisco for CO2 
(Long, 1991) as well as the denaturing of the Rubisco activase enzyme at high temperatures 
(source limitation; Feller et al., 1998) and (2) the direct effect on reproductive processes (sink 
limitation; Hatfield and Prueger, 2015). Many studies have shown how temperatures greater than 
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the optimum can reduce photosynthetic rates by reducing the efficiency of Rubisco, therefore 
reducing yield (Long et al., 1991; Salvucci and Crafts-Brandner, 2004). As for the direct effects 
of temperature on reproductive processes, studies have shown that high temperatures can affect 
pollen viability, fertilization, and grain formation in corn and can cause a reduction in seed 
growth rate, seed size, and the harvest index in soybeans, therefore reducing yields (Hatfield et 
al., 2011; Hatfield and Prueger, 2015). The timing and frequency of when high temperatures 
occur in the growing season are pertinent. Increased frequency of temperatures greater than the 
optimum means that the accumulation of thermal time (growing degree days; GDD) will 
increase, therefore shortening the growing season and grain fill length (Hsiao et al. 2019; Zhu et 
al., 2018). If high temperatures occur during reproductive stages (i.e., flowering, silking, grain-
filling), then it is likely that yield may decrease due to the direct effect of temperature reducing 
the sink capacity of the plant (i.e., reproductive HS; Rattalino et al., 2012; Thomey et al., 2019). 
While adjusting genes to reduce the impact of elevated temperatures on reproductive processes 
may be unobtainable, it may be feasible to focus breeding efforts on adjusting growing season 
length in current cultivars. An increase in growing season length and increased grain-filling 
period could allow for increased efficiency of grain production due to this period occurring later 
in the growing season when temperatures lower (Hatfield, 2016). 
Very few field experiments have been conducted to isolate the independent and coupled 
effects of temperature and [CO2] through the use of Free-Air Concentration Enrichment (FACE). 
These studies found that while increases in temperature can reduce both corn and soybean yields 
(Ruiz-Vera et al., 2013; 2015; Siebers et al., 2015; 2017; Thomey et al., 2019), the reduction in 
yield may be alleviated for soybean when coupled with elevated [CO2] (Ruiz-Vera et al., 2013; 
Thomey et al., 2019). As for corn, the impact of elevated temperature has been shown to reduce 
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yield, even when coupled with an increase in [CO2] (Ruiz-Vera et al., 2015). Therefore, it is 
important to include the direct effects of elevated temperature into enzyme kinetic models to 
improve yield predictions under future, warmer climates (Thomey et al., 2019).  
Another environmental factor that plays a role in predicting future yields is the impact of 
VPD sensitivity, or the change in yield per unit increase in VPD. As temperature increases, VPD 
will also increase due to the deviation between the actual vapor pressure (how much moisture is 
in the air) and saturated vapor pressure (how much water the air could potentially hold at this 
temperature). VPD is directly proportional to canopy transpiration, and as VPD increases, 
stomatal openings will close to reduce water loss. This response will impact photosynthesis rates 
in C3 and C4 crops, potentially reducing yield (Ort and Long, 2014). VPD sensitivity on yield 
has been increasing and is likely to become more severe, especially as the climate changes 
(Lobell et al., 2014; Ort and Long, 2014). Corn yield may be more sensitive to increases in VPD 
relative to soybean yield (Lobell et al., 2014; Jin et al., 2017a). Under current climate conditions, 
the site of Rubisco within soybean is not currently saturated. Due to Fick’s law of diffusion, the 
[CO2] at the site of Rubisco in soybean could increase under elevated [CO2] even when stomatal 
conductance is reduced. However, the [CO2] at the site of Rubisco in corn is already maximized. 
Therefore, elevated [CO2] does not have the potential to directly increase photosynthesis rates in 
corn to alleviate reductions in yield caused by increased VPD (Hirasawa and Hsiao, 1999). 
Another reason for VPD sensitivity on corn yield may be due to drought or a reduction in 
available soil water when planting density is increased (Lobell et al., 2014). Unlike temperature 
and [CO2], there have been no controlled field studies conducted on the effects of VPD on corn 
and soybean yield. Since controlling the vapor pressure within a canopy would be extremely 
difficult to do at the field scale (Gray et al., 2016), this emphasizes the importance of isolating 
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this effect using a soil-plant-atmosphere coupled agroecosystem model to improve our 
understanding of VPD sensitivities on yield in future climates. 
It is also important to pull apart the independent and combined effects of elevated 
temperature, [CO2], and VPD to better understand how future climate will affect crop 
productivity. Both temperature and VPD stress have been shown to negatively impact crop 
production in field experiments. Previous modeling studies have quantified the effects of climate 
change on crop productivity, but there are still limitations to overcome. For instance, non-
enzyme kinetic-based physiology models (i.e., APSIM) were able to simulate corn and soybean 
production for the Midwest, US while including temperature and reproductive HS (Zhu et al., 
2019) and using CMIP5 future weather simulations (Jin et al., 2017a). These studies showed that 
elevated temperature could lead to approximately 7% reduction in corn yield per 1 ˚C increase 
(Zhu et al., 2019) and approximately a 10-25% reduction of corn yield under future RCP 
projections within the Corn Belt when reproductive HS is included (Jin et al., 2017a). For Iowa 
specifically, Jin et al. (2017a) showed that corn and soybean yield could be reduced by 
approximately 30% and 30-40% under the RCP 4.5, respectively. Under the RCP 8.5 projection, 
corn and soybean yield could be reduced by approximately 30-40% and 20%, respectively. 
These future yield projections include the effect of elevated CO2 on transpiration efficiency (Jin 
et al., 2017a). However, these studies did not have the direct stimulation effect of elevated [CO2] 
on enzyme kinetic-based photosynthesis and canopy temperatures at the hourly temporal 
resolution (Jin et al., 2017a; Zhu et al., 2019).  
As for enzyme kinetic based physiology models (i.e., MAIZSIM, CLM, Agro-IBIS), 
topics covered in these papers varied. Hsiao et al. (2019) were able to tease apart CO2, 
temperature, and VPD effects within the MAIZSIM model. They found that corn yield was 
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reduced by approximately 5% when considering the combined effect of elevated temperature, 
CO2, and VPD. This study also showed that the individual impact of elevated VPD (-12.9%) and 
the combined effect of high temperature and VPD (-24.2%) reduced corn yield the most, while 
elevated CO2 alone had the largest impact on increasing corn yields (+17.2%) (Hsiao et al., 
2019). However, Hsiao et al. (2019) only focused on corn for a single location and did not 
include reproductive HS. Peng et al. (2018) included APSIM phenological stages and 
reproductive HS within the CLM model and were able to better reproduce the corn yield 
response to growing season temperature and precipitation, but they only focused on corn for a 
single location. Thomey et al. (2019) focused on growing soybeans at a FACE field study site 
and modeling them in Agro-IBIS. They calibrated Agro-IBIS to observed data from the FACE 
field trial for elevated [CO2] and heatwave events. This field study showed that the temperature 
effect during flowering and grain filling when [CO2] is set to 600 ppm could increase yield by 
28-45% with a 5 ˚C warming and reduce yield by 11% with +9 ˚C warming relative to the 
ambient conditions of 400 ppm and no elevated temperature. However, the Agro-IBIS results 
show a 10-16% increase at elevated temperatures of +5 ˚C and a -9.1% to +3.4% change in 
soybean yields at +9 ˚C depending on the timing when elevated temperature was applied 
(flowering or grain fill). Thomey et al. (2019) concluded that direct HS effects on reproductive 
processes need to be integrated within agroecosystem models to improve the simulation of future 
yield productions.  
Another limitation is that many of these enzyme kinetic based modeling studies do not 
isolate the VPD sensitivity of corn and soybean. While VPD effects remain relatively 
underrepresented in both modeling and field studies, it has been noted that this may lead to an 
underestimation of the importance of elevated temperature (Lobell et al., 2013; Yuan et al., 
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2019) and water demand (Urban et al., 2015) on future crop production. It is important to use 
enzyme kinetic models, like Agro-IBIS, to simulate future crop production for two main reasons. 
First, Agro-IBIS simulates the coupled effects of soil-plant-atmosphere interactions at the hourly 
time scale. This allows for dynamic changes in temperature, moisture, stomatal conductance, 
photosynthesis, and plant growth while closing the long-term energy, water, and C budgets. 
Second, this enzyme kinetic-based model includes C3 and C4 photosynthetic equations that 
dynamically change at the hourly temporal resolution with changes in temperature, [CO2], and 
nitrogen (N) and water limitations at the leaf-level.  
Previous modeling studies have shown us that it is important to include reproductive HS 
on both corn and soybeans for more than just a single point location. In this study, we used an 
enzyme kinetic physiology-based agroecosystem model (Agro-IBIS) to investigate the impact of 
elevated temperature and VPD sensitivities on corn and soybean productivity (in terms of yield) 
with and without the inclusion of reproductive HS. Here we have added Farquhar, von 
Caemmerer, Berry (FvCB) model temperature response functions to improve crop physiology 
(Bernacchi et al., 2001; 2003) and reproductive HS to Agro-IBIS for both corn and soybean. We 
then used observed soybean and corn data from a FACE field trial at ambient conditions, 
elevated [CO2], and elevated temperature to calibrate the updated model. The model was then 
scaled up to the Raccoon River Basin (RRB) in central Iowa and ran at the 500m resolution, 
similar to the size of an individual field. At this scale, an evaluation against NASS county yields 
by using historical Zedx weather data (based on observations; Kucharik et al., 2013) and county-
based fertilizer rates was completed. This model was then simulated using WRF bias-corrected 
CMIP5 historical, mid-century, and late-century climate data for RCP 4.5 and 8.5 warming 
projections to evaluate yield under future climate scenarios. It was hypothesized that (1) corn 
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yields will be reduced under future climates relative to the baseline scenario and soybean yield 
responses will vary under future climates and depend on [CO2], (2) the inclusion of HS will 
reduce both corn and soybean yields the most under warmer climate projection scenarios relative 
to the baseline scenario, and (3) yield sensitivity to VPD and temperature (slope) will be reduced 
at higher [CO2] for soybean but not corn. 
3.2 Methodology 
3.2.1 Agro-IBIS Description 
Agro-IBIS is an agroecosystem model originally derived from IBIS (Kucharik et al., 
2000; Foley et al., 1996; see section 2.2.4). This model simulates C, N, energy, and water 
exchange between the soil-plant-atmosphere continuum at an hourly time step by simulating 
biophysical cycles and biochemical processes at the leaf level and scaling to 1 m2. These fluxes 
and pools account for the exchange from uptake by plants and from the soil and atmosphere, 
allowing C and N to be partitioned within different parts of the plants (roots, stems, leaves, grain; 
Kucharik et al., 2000). In the current application of the model, we altered a subset of model 
parameters to improve the calibration and reduce the difference between Agro-IBIS simulated 
yields relative to observations. The parameters include the initial of C allocation for roots 
(arooti), final allocation of C to roots (arootf), leaves (aleaff), and stem (astemf), the fraction of 
aboveground vegetative C allocated to the leaves (fleafi), specific leaf area (specla), maximum 
leaf area index (laimx), fraction of growing degree days that must be reached to begin grainfill 
(grnfill), and the maximum velocity of Rubisco (Vmax; Table 1). 
The assimilation of C during photosynthesis within Agro-IBIS was calculated by using 
C3 and C4 temperature-dependent photosynthetic pathways consisting of enzyme kinetic 
properties and leaf-level stomatal conductance and energy balances (Farquhar et al., 1980; 
Collatz et al., 1991) that are scaled up to the canopy level (Thompson et al., 1995a; 1995b). 
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These FvCB photosynthetic equations have been updated to include the temperature response 
equations from Bernacchi et al. (2001; 2003) to improve the model’s ability to simulate C 
assimilation at a broader range of temperatures.  
3.2.2 Soil, Fertilizer, and Climate Data 
Soil texture maps were generated at the 500m resolution using the gSSURGO (Gridded 
USDA-NRCS Soil Survey Geographic) database for Iowa (Soil Survey Staff, 2018). The 
dominant soil texture classification within every 500m by 500m grid cell was determined using 
the clay, sand, and silt fraction dataset from gSSURGO for 11 soil depth layers (0 to 200 cm). 
This updated soil texture map was used for both historical and future climate scenarios.  
County average fertilizer rates were generated for the years 1980 through 2016 (Lark et 
al., under review). This data included N fertilizer for corn and manure rates (constant across crop 
type) within Iowa. It was assumed that N fertilizer rates were held constant at 0 kg-N/ha for 
soybean, but manure was applied. These county-based data were regridded to match the 500m 
resolution used for the other model inputs.  
Historical and future climate scenarios were driven by data from the 5th Coupled Model 
Intercomparison Project (CMIP5; Taylor et al., 2012). No RCP forcing was used on the historical 
dataset (1980-1999), while the future scenarios included Mid-Century (2040-2059) forced by 
RCP 4.5 and two Late-Century (2080-2099) scenarios forced by RCP 4.5 and 8.5 warming 
projections. Climate variables in this dataset included precipitation, incoming solar radiation, 
temperature, humidity, and wind speed. The CMIP5 model output at the coarse resolution 
(approximately 1˚by 1˚) was then dynamically downscaled to 10km horizontal resolution for the 
Midwest US (Iowa and Illinois) using the Weather Research Forecast (WRF) model (Skamarock 
et al., 2008; Jin et al., 2017a; Broadbend et al., 2020). Historical and future temperature and 
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precipitation output were bias-corrected using a simple linear relationship (Teutschbein and 
Seibert, 2012) with the PRISM dataset (Daly et al., 2017). 
The middle 10-year period of each model run was used (i.e., 1987-1996; 2047-2056; 
2087-2096) to minimize the effects of initialization and model bias. The downscaled CMIP5 
datasets were regridded for the state of Iowa at the 500m resolution to use within the Agro-IBIS. 
This study focused on the BCC-CSM1-1 (Beijing Climate Center – Climate System Model) 
dataset due to availability and its performance over Iowa during 1987-1996 (Figure 3.1). We 
realize that this simulation is just one of many global climate models (GCMs), and future climate 
scenarios may vary. Future work with this chapter will include more GCM models in the analysis 
to account for this variability between projections.  
Atmospheric [CO2] was assumed to be 417, 500, 540, and 825 ppm for the historical 
baseline, mid-century RCP 4.5 (Mid 4.5), late-century RCP 4.5 (Late 4.5), and late-century RCP 
8.5 (Late 8.5), respectively. These values were determined from projected concentrations at the 
end of the respective period and held constant through the 10-year simulations (van Vuuren et 
al., 2011). 
3.2.3 Model Development for Reproductive Heat Stress 
Following a similar approach as previous studies (Jin et al., 2017a; Peng et al., 2018;), 
subroutines were added into Agro-IBIS to induce stress on flowering, silking (corn only), and 
grain fill for both corn and soybean at high temperatures, to improve the model’s ability to 
simulate crop growth and yield under elevated temperature. Agro-IBIS uses the same 
phenological stages with fewer subdivisions than APSIM or the CLM-APSIM (Peng et al., 
2018). Estimations of when the flowering, silking, and grain filling stages occurred were 
determined by the accumulation of growing degree days (GDD; Figure 3.2).  
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Heat stress on flowering was simulated by inducing a reduction in “grain number” by 
reducing the maximum harvest index (HI; Jin et al., 2017a; Peng et al., 2018; Figure 3.2). For 
this reduction to take place in soybeans, the accumulated GDDs need to fall between 45% and 
80% of the GDD required to reach grain fill initiation (parameter in Agro-IBIS), and the 
maximum canopy temperature for the day must be greater than 35°C (Jin et al., 2017a). As for 
corn, accumulated GDDs need to fall between 40% and 80% of the GDD required to reach grain 
fill initiation, and the maximum canopy temperature for the day must be greater than 36°C (Jin et 
al., 2017a). If these conditions are met, maximum HI is reduced by a factor. This factor for both 
corn and soybean was determined based on calibration (see section 3.2.4). 
Similar to flowering, HS during silking for corn was induced by reducing the maximum 
HI as well (Peng et al., 2018; Figure 3.2). The conditions that must be met were that the 
maximum LAI must be reached, the GDD accumulated is less than the GDD required for grain 
fill to begin, and the maximum canopy temperature for the day must be greater than 36°C (Peng 
et al., 2018). If these conditions were met, maximum HI would be reduced by a factor 
determined by the calibration to FACE data (see section 3.2.4).  
Lastly, HS on grain fill for both corn and soybean reduced “grain size” by limiting the 
amount of C allocated to grain for the day (Jin et al., 2017a; Peng et al., 2018; Figure 3.2). For 
this stress to occur, the accumulated GDD must fall between the GDD required for grain fill 
initiation and the GDD needed to reach maturity, and maximum canopy temperature for the day 
must be greater than 30°C (Jin et al., 2017a). If these conditions are met for either corn or 
soybean, then the amount of C in grain accumulated for the day is reduced by a factor 
determined based on the calibration from FACE data (see section 3.2.4). 
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Simulations with HS included both low and high sensitivity. High sensitivity (H-HS) was 
determined by the grain filling decline factor determined in the FACE calibration and was a 
0.4% reduction for corn and a 0.2% reduction for soybean. Low sensitivity (L-HS) was set to 
0.1% reduction for both corn and soybean. This reduction occurs every time the HS for grain 
filling is triggered. 
3.2.4 Model Calibration and Evaluation 
Agro-IBIS was calibrated to soybean and corn data from the FACE site in Champaign 
County, Illinois (Miglietta et al., 2001; Ruiz-Vera et al., 2013; 2015). This data set included C in 
aboveground biomass (AGB) and grain and HI for a control, elevated temperature (eT), elevated 
[CO2] (eC), and elevated temperature + [CO2] (eC+T) for 2009 (soybean) and 2010 (corn). Local 
weather data was used for these years when running Agro-IBIS. Simulations with and without 
HS on were conducted for eT and eC+T treatments. Both corn and soybean Vmax measured 
during the 2009 and 2010 field seasons for each treatment were used in the model (Rosenthal et 
al., 2014; Ruiz-Vera et al., 2015; Figure 3.3). For soybean, specific leaf area for the ambient and 
elevated CO2 scenarios were set to values within Twine et al. (2013) and held constant during the 
simulations.  
We used a sensitivity script in R (R Core Team, 2019; version 3.6.1) to calibrate Agro-
IBIS to the FACE dataset while including multiple parameter combinations. This script 
systematically changed, and the combination of parameters that minimized error for AGB, C in 
grain, and HI was selected. This calibration focused on the following parameters closely related 
to yield (Table 3.1) and the three HS decline factors. Hybrid GDD and Vmax were held constant 
for the calibration since values were available from field data for each scenario. Calibration 
results are discussed below.  
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An evaluation for the RRB in Iowa was initially conducted using the parameter 
combination from the control scenario calibration for Illinois. Some parameters were then 
specifically tweaked by hand (hybrid GDD and GDD requirement for grain fill initiation) and 
compared to USDA NASS county yields for 1980-2007. Weather data used for this baseline 
scenario consisted of Zedx observational weather data (Kucharik et al., 2013), which was 
regridded to the 500m resolution. County-based N and manure fertilizer rates were also applied 
to corn and soybean (Lark et al., under review). Parameters were adjusted within reasonable 
ranges until simulated corn and soybean yield fell within one standard deviation of the county 
average yield within the basin.  
A second evaluation was conducted with the CMIP5 baseline climate data for the same 
counties as the Zedx weather evaluation. Fertilizer and manure application rates used for this 
comparison were held constant as the rates from 2016 (Lark et al., under review). This evaluation 
compared Agro-IBIS simulated yields to county average NASS yields for 2010 to 2019 and is 
discussed in section 3.3.3. Parameters were slightly adjusted to reach NASS yields in this 
timeframe and were then used for the CMIP5 baseline simulations. Additionally, the 
parameterization obtained in the eT+C with HS on from the FACE calibration was adjusted by 
the same percent change made in the adjustment of the CMIP5 baseline evaluation to 2010-2019 
NASS yields, and used for all future climate simulations. 
3.2.5 Sensitivity Analysis 
Scatter plots were generated to quantify the relationship between the 10-year averages of 
yield and growing season average temperature, total annual precipitation, and growing season 
average VPD for the baseline and three future RCP scenarios. The RRB consists of 
approximately 367,000 grid points at the 500m resolution. Therefore, sensitivity scenarios were 
generated using a smaller subset in central RRB to better isolate the effect of temperature, 
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precipitation, and VPD on yield. For these scenarios, we combined all RCPs and separated each 
simulation by [CO2]. A discussion of temperature, VPD, precipitation, and yield for this 
subdomain can be found in the Appendix.  
A piecewise linear relationship was fit to the data set to further isolate the relationship of 
yield to high values of temperature and VPD. Thresholds were set at 23 ˚C for temperature and 
0.75 kPa for VPD due to the natural break of values in this dataset. The sensitivity of yield to 
temperature or VPD is defined as the slope of the line. The steeper the slope (change in yield per 
change in a variable) implies a higher sensitivity, and a slope closer to zero indicates a lower 
sensitivity to the respective variable. Three-dimensional scatter plots were also created to 
represent the combined response of VPD and temperature on yield.  
Another sensitivity scenario was conducted to analyze the potential change in corn yields 
if hybrid growing degree days (hybgdd in Agro-IBIS) were to be optimized under future climate 
conditions. Current simulations assume that all hybrid GDD for corn is 2000 ˚C for all 
contemporary and future climates. As mentioned in section 1.3, current cultivars are selected for 
specific environments, but as climate change continues to modify these environments, the 
selection of cultivars will also need to be adapted. Therefore, we simulated corn yield where 
hybrid GDD was increased to 2800 ˚C under the Late 8.5 climate projection. 
3.3 Results 
The field experiment calibration results include the comparison of C in grain, AGB, and 
HI from the modeled calibration to the observed values. Two evaluations were conducted in 
which the modeled averaged yield was compared to NASS county yields for the respective time 
frames. For the WRF downscaled CMIP5 simulations under a future climate, growing season 
average temperature, VPD, annual total precipitation, and yield for both corn and soybean were 
compared relative to the baseline CMIP5 climate yields for multiple HS sensitivity levels, 
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including without HS, L-HS, and H-HS. Variability in yield estimates was quantified using the 
standard deviation from 10-years of simulated yield across the entire extent of the RRB. 
Additionally, a sensitivity analysis of yield to [CO2], temperature, VPD, and precipitation as well 
as the potential improvement of corn production under optimized hybrid GDDs was conducted.  
3.3.1 Field Experiment Calibration 
Soybean growth was modeled using the calibration procedure (section 3.2.4) for the 2009 
growing season for four treatment scenarios in which C in grain, AGB, and HI were compared to 
the field measured data from Ruiz-Vera et al. (2013; Figure 3.4). By using the calibration 
procedure described in section 3.2.4, we were able to get the most optimal range of parameters 
(Figure 3.5) while reducing the error of C in grain, AGB, and HI relative to the observed data. 
While all modeled output was within one standard deviation of the observed mean, we noticed 
that C in grain and AGB was slightly below the average observed value for the eC+T treatment. 
We also noted that by turning HS on, eT simulations were closer to the average observed C in 
grain and AGB and the eC+T simulations were closer to the observed C in grain, AGB, and HI.  
The 2010 corn growing season at FACE was also modeled in Agro-IBIS with and 
without HS and calibrated to the observational data from Ruiz-Vera et al. (2015) using the same 
calibration method as soybean to select the parameter values (Figure 3.6; 3.7). Similar to 
soybean, all modeled corn results were within one standard deviation of the observed averaged 
data for C in grain, AGB, and HI (Figure 3.6). The error of C in grain and HI when HS was on 
was reduced relative to the observed averages for the eC+T treatment, relative to when HS was 
turned off. 
3.3.2 Historical Evaluation of Agro-IBIS (1980-2007) 
The average annual total precipitation during 1980-2007 for the RRB in the Zedx dataset 
was 781 mm. For Iowa, the average annual precipitation observed over this period was 852 mm 
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(IEM, 2020). When comparing the Zedx precipitation to other previously used observational 
datasets in Agro-IBIS (i.e., CRU), the RRB region showed a dry bias with the Zedx dataset. A 
previous study also showed that the Zedx dataset has a dry bias over this region in Iowa (Dong et 
al., 2020). Using 1980 through 2007 county level N fertilizer + manure rates (section 3.2.2) and 
the Zedx weather dataset, corn and soybean yields were within one standard deviation of the 
mean yield for five counties within the RRB over that timeframe (Figure 3.8).   
3.3.3 WRF CMIP5 Simulations for Subdomain within the Raccoon River Basin 
The WRF CMIP5 scenarios used 2016 county-level N fertilizer + manure rates (section 
3.2.2) and were driven by 10-years of weather respective to the projection timeframe. For the 
baseline scenario, atmospheric [CO2] was changed from 360 ppm in the evaluation scenario to 
417 ppm, and parameterization was slightly changed to reach 2010-2019 average NASS yields 
for this region (Figure 3.9). Relatively high variance in CMIP5 precipitation drove the simulated 
yields to be less than one standard deviation of the NASS corn yield for the two most northern 
counties (Figure 3.9). However, in well-precipitated regions of the basin, yields were comparable 
to that of today’s values.  
3.3.3.1 Average Growing Season Temperature  
The average growing season temperature across the RRB during the CMIP5 baseline was 
19.9 ± 1.0 ˚C (Figure 3.10a). The spatial pattern across the RRB shows the warmest growing 
season average temperatures in the southeast portion of the basin near the outlet, with the coolest 
temperatures in the northwest (Figure 3.11a). The growing season average temperature range 
across the basin was 18.1 to 22.7 ˚C.  
Under the Mid 4.5 projection, the growing season average temperature was 21.5 ± 1.1 ˚C 
and ranged between 19.2 to 24.4 ˚C (Figure 3.10a). On average, the Mid 4.5 projection was 1.6 
˚C warmer than the baseline scenario. The northern portion of the RRB showed a greater 
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temperature increase than the southern part of the basin, relative to the baseline scenario for the 
10-year average (Figure 3.12a).  
Under the Late 4.5 projection, the average growing season temperature was 22.1 ± 0.98 
˚C and ranged between 20.2 to 24.5 ˚C (Figure 3.10a). While similar to the Mid 4.5 projection 
(+0.6 ˚C), the Late 4.5 projection resulted in a 2.2 ˚C increase in temperature on average relative 
to the baseline scenario. The spatial pattern across the RRB was also similar to that of the Mid 
4.5 relative to the baseline scenario, where the greatest temperature increase was in the north and 
the smallest temperature range in the south (Figure 3.12a).  
The largest average growing season temperature was shown in the Late 8.5 projection, 
with a value of 25.7 ± 1.3 ˚C and ranging between 22.9 to 28.7 ˚C (Figure 3.10a). The average 
temperature in the Late 8.5 projection was 5.8 ˚C greater than the baseline scenario and 3.6 ˚C 
greater than the Late 4.5 projection. Once again, the largest temperature increase occurred in the 
north portion of the RRB, with the smallest increase in the south (Figure 3.12a).  
3.3.3.2 Annual Total Precipitation  
Average annual precipitation totals over the 10-year period within the RRB were 830 mm 
in the baseline scenario (Figure 3.10b). The highest average precipitation was within the 
southern portion of the basin, with the lowest precipitation amounts in the north half of the basin 
(Figure 3.11b). The precipitation range across the basin over the 10-year period was 577 to 1228 
mm.  
In the Mid 4.5 projection, the average annual precipitation total was 683 mm and ranged 
between 448 to 916 mm (Figure 3.10b). On average, the Mid 4.5 projection was 147 mm drier 
than the baseline scenario. This was the driest projection out of the CMIP5 scenarios used in this 
study, with the largest difference in precipitation ranging between 100 to 200 mm less than the 
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baseline scenario and the largest precipitation deficit to the northern portion of the RRB (Figure 
3.12b).  
Under the Late 4.5 projection, average annual precipitation was 847 mm and ranged 
between 408 to 1254 mm (Figure 3.10b). On average, the Late 4.5 was 164 mm greater than the 
Mid 4.5 projection and only 17 mm greater than the baseline scenario. The spatial distribution of 
precipitation in the Late 4.5 showed precipitation totals higher than the baseline for the southern 
half of the RRB and precipitation totals less than the baseline for the northernmost portion of the 
RRB (Figure 3.12b).  
As for the Late 8.5 projection, the annual average precipitation total was 802 mm and 
ranged between 349 to 1265 mm over the 10 years across the RRB (Figure 3.10b). On average, 
the total precipitation was 28 mm and 45mm less than the baseline and Late 4.5 projections, 
respectively, but was 119 mm greater than the Mid 4.5 projection. The southern portion of the 
RRB ranged between 0 to 50 mm less than the baseline scenario, while the northernmost part of 
the RRB was 50 to 100mm less than the baseline, on average (Figure 3.12b).  
3.3.3.3 Average Growing Season VPD  
The average growing season VPD in the baseline scenario was 0.9 ± 0.1 kPa (Figure 
3.10c). The range of VPD across the basin over the 10 years was 0.7 to 1.2 kPa. The 10-year 
average spatial pattern inversely followed the precipitation pattern where the southern portion of 
the basin had the lowest VPD values, and the northern half had the highest (Figure 3.11c).  
In the Mid 4.5 projection, the average growing season VPD was 1.0 ± 0.1 kPa and ranged 
between 0.8 to 1.4 kPa (Figure 3.10c). On average, the growing season VPD in this scenario was 
0.1 kPa greater than the baseline scenario. While the variability in the spatial distribution of VPD 
across the RRB was minimal, there were greater values to the north than in the southern portion 
of the basin, similar to the temperature distribution (Figure 3.12c).   
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The average growing season VPD for the Late 4.5 scenario was 1.1 ± 0.13 kPa and 
ranged between 0.8 to 1.4 kPa (Figure 3.10c). The Late 4.5 was very similar to the Mid 4.5 (+ 
0.1 kPa) and showed a similar VPD range over the 10-year period. The spatial distribution 
relative to the baseline scenario was similar to that of the Mid 4.5 projection except for the 
greater change shown in the northern portion of the RRB (Figure 3.12c).  
The Late 8.5 projection shows that the average growing season VPD was 1.4 ± 0.2 kPa 
and ranged between 1.1 to 1.9 kPa (Figure 3.10c). The Late 8.5 was 0.5 kPa greater than the 
baseline scenario and 0.3 kPa greater than the Late 4.5 scenario average and did have the largest 
range in values over the 10-year period. The spatial distribution of VPD across the RRB for this 
scenario showed the largest values to the north and the smallest values to the south, following a 
similar pattern to that of the precipitation change relative to the baseline scenario (Figure 3.12c). 
3.3.3.4 Corn Yield Without Heat Stress  
 The average corn yield across the RRB for the 10-year baseline CIMP5 simulations was 
158.6 ± 25.5 bu/a, with the maximum yield reaching 233.5 bu/a (Figure 3.13a). The highest 
yields were in the southern portion of the RRB, with the lowest yields towards the north (3.14a). 
The standard deviation of corn yield under the baseline scenario was lowest in the northern 
portion of the basin, coinciding with the lower averaged yields (Figure 3.15a).  
In the Mid 4.5 projection, corn yields on average were 119.9 ± 47.9 bu/a with a 
maximum yield of 212.1 bu/a (Figure 3.13a). The 10-year average yield range across the basin 
was fairly consistent with the higher yields along the southern portion of the RRB and had the 
largest standard deviation (greater than 40 bu/a) across the 10-years compared to the other RCP 
projections (Figure 3.14a; 3.15a). Yield under this scenario was 24% lower than the baseline 
scenario on average, with the greatest change in yield towards the southern portion of the basin 
(Figure 3.16; 3.17a).  
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 The average corn yield for the Late 4.5 projection was 121.2 ± 34.8 bu/a with a 
maximum yield of 202.7 bu/a over the 10-year period (Figure 3.13a). The spatial distribution of 
yield was similar to the Mid 4.5 projection but with slightly higher yields along the North and 
South Raccoon watershed boundary and slightly less in the South Raccoon watershed (Figure 
3.14a). However, the standard deviation in this projection was between 30-40 bu/a across much 
of the basin (Figure 3.15a). Corn yields in this scenario were 24% less than the baseline scenario, 
with the greatest change in yields towards the southern portion of the basin (Figure 3.16; 3.17a).  
In the Late 8.5 projection, corn yields were 113.8 ± 35.7 bu/a on average, with a 
maximum yield of 210.5 bu/a over the 10-year period (Figure 3.13a). Corn yields were 
consistent across the basin with localized reductions in yield along the southern, upper north, and 
east-central portions of the RRB (Figure 3.14a). The standard deviation of yields was between 
30-40 bu/a for most of the basin, however, there was a higher standard deviation of yields in the 
western portion of the basin relative to the Late 4.5 projection (Figure 3.15b). Corn yields under 
the Late 8.5 projection were 28% less than the baseline scenario on average, and once again, the 
greater yield reduction occurred in the southern portion of the RRB (Figure 3.16; 3.17a).  
3.3.3.5 Corn Yield with Heat Stress  
When HS was turned on in the baseline scenario, the average corn yield within the 10-
year period across the RRB was 147.0 and 155.6 bu/a with a maximum yield of 224.1 and 231.2 
bu/a for the H-HS and L-HS simulations, respectively (Figure 3.12b,c). The greatest reduction in 
yields relative to the baseline scenario occurred in the southern portion of the RRB for both L-
HS and H-HS (Figure 3.14). However, the standard deviation in yields under HS was also 
reduced, and the lowest values were concentrated in the northern portion of the basin (Figure 
3.15).  Overall, corn yield was reduced by 2% and 7% for the L-HS and H-HS, respectively, 
relative to the baseline without (Figure 3.18).  
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In the Mid 4.5 projection, the average corn yield across the RRB was 90.3 and 111.4 bu/a 
with a maximum yield of 184.4 and 205.3 bu/a for the H-HS and L-HS simulations, respectively 
(Figure 3.12b,c). Relative to no HS, yields were reduced by 7% with L-HS and by 25% with H-
HS (Figure 3.18). The greatest reduction in yield with HS occurred in the south and central-east 
portion of the RRB (Figure 3.14). As yields were reduced by HS, standard deviations were also 
reduced (Figure 3.15). Corn yield in the Mid 4.5 projection with HS was reduced by 30% for L-
HS and 43% for H-HS relative to the baseline scenario without HS with the largest change 
towards the southern portion of the basin. (Figure 3.16; 3.17). 
The Late 4.5 projection had an average yield of 92.6 and 113.6 bu/a and a maximum 
yield of 183.5 and 194.0 bu/a for H-HS and L-HS, respectively (Figure 3.13b,c). The greatest 
reduction in yield to due HS occurred in the central portion of the RRB (Figure 3.14). However, 
the region with the largest reduction in yields for the H-HS simulation relative to yield when HS 
was turned off resulted in the highest standard deviations (Figure 3.15). Corn yield under the 
Late 4.5 projection was reduced by 6% with L-HS and 24% with H-HS relative to yield with no 
HS (Figure 3.18). The Late 4.5 projection with HS saw a reduction of 29% for L-HS and 42% 
for H-HS relative to the baseline scenario without HS and the largest reduction in yields 
concentrated to the southern half of the basin (Figure 3.16; 3.17).  
 The average yields under the Late 8.5 projection with HS were 80.1 and 105.1 bu/a with 
a maximum yield of 170.0 and 201.7 bu/a for the L-HS and H-HS, respectively (Figure 3.13c,d). 
The greatest reduction in corn yields for this projection was in the northern portion of the RRB, 
relative to no HS (Figure 3.14). The standard deviation in the L-HS simulation was similar to the 
no HS simulation. However, there was a slight reduction in the standard deviation of yield in the 
west-central portion of the RRB (Figure 3.15). When HS was turned on, there was an 8% and 
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30% reduction in yield relative to no HS for the L-HS and H-HS simulations, respectively 
(Figure 3.18). As expected, this RCP projection yielded the largest reduction in corn yield when 
HS was turned on due to the greatest increase in growing season average temperatures. Yields 
grown under the Late 8.5 projection were 34% less for L-HS, and 50% less for H-HS relative to 
the baseline without HS and the largest reduction in yields were concentrated to the southern half 
of the RRB (Figure 3.16; 3.17). 
3.3.3.6 Soybean Yield Without Heat Stress 
 Soybean yields under the baseline scenario were 52.6 ± 14.9 bu/a on average, with a 
maximum yield of 82.2 bu/a (Figure 3.13d). The lowest yields under this projection were in the 
northern portion of the basin, and the highest yields were located to the south (Figure 3.19a). 
However, the spatial distribution of standard deviation was greater in the north (16-18 bu/a) and 
lower in the south (10-14 bu/a; Figure 3.20a).  
In the Mid 4.5 projection, soybean yields on average were 55.7 ± 5.9 bu/a with a 
maximum yield of 74.7 bu/a with the highest yields to the north and lowest yield to the south 
(Figure 3.13d; 3.19a). The spatial distribution of standard deviation across the basin in this 
scenario was consistent at 4-8 bu/a (Figure 3.20a). The Mid 4.5 soybean yields were % greater 
than the baseline scenario yields (Figure 3.16). Yields in this scenario were less (-1 to -10 bu/a) 
compared to the baseline scenario in the southern portion of the RRB, and higher in the northern 
portion (+1 to +10 bu/a; Figure 3.21a). 
 Under the Late 4.5 projection, soybean yield on average was 58.4 ± 5.8 bu/a across the 
RRB with a maximum yield of 73.4 bu/a (Figure 3.13d). This projection resulted in higher yields 
to the north relative to the south (Figure 3.19a). The spatial distribution of standard deviation 
was consistent and fell between 4-8 bu/a, similar to the Mid 4.5 projection (Figure 3.20a). 
Relative to the baseline scenario, soybean yields under the Late 4.5 projection were 11% greater, 
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and yields ranged between +0 bu/a to +20 bu/a across the basin (Figure 3.16; 3.21a). As for the 
Late 8.5 projection, the average soybean yield across the basin was 72.0 ± 6.7 bu/a with a 
maximum value of 88.2 bu/a (Figure 3.13d). This scenario resulted in the highest yields across 
the RRB relative to the other RCP scenarios. The highest yields were located in the northern 
portion, while the lower yields were in the southern portion of the basin (Figure 3.19a). The 
spatial distribution of standard deviation was between 6-8 bu/a across the entire basin and similar 
to the Mid 4.5 and Late 4.5 (Figure 3.20a). Late 8.5 yields were 37% higher on average relative 
to the baseline scenario (Figure 3.16). The change in yields was between +10 to +20 bu/a across 
the entire basin, with the northern half having yields of +15 to +20 bu/a (Figure 3.21a). 
3.3.3.7 Soybean Yield with Heat Stress  
When HS was turned on in the baseline scenario, the average soybean yield within the 
10-year period across the RRB was 50.5 and 51.5 bu/a with a maximum yield of 79.3 and 80.7 
bu/a for the H-HS and L-HS simulations, respectively (Figure 3.12e,f). The greatest reduction in 
yields relative to the baseline scenario occurred in the southern portion of the RRB for both H-
HS and L-HS (Figure 3.19). However, the standard deviation in yields under HS was also 
reduced, with the highest values concentrated in the northern portion of the basin (Figure 3.20).  
Overall, soybean yield was reduced by 2% and 4% in the L-HS and H-HS simulations, 
respectively, relative to the baseline without HS (Figure 3.18).  
In the Mid 4.5 projection, the average soybean yield across the RRB was 48.7 and 52.1 
bu/a with a maximum yield of 69.2 and 72.0 bu/a for the H-HS and L-HS simulations, 
respectively (Figure 3.12e,f). Relative to no HS, yields were reduced by 6.5% with L-HS and by 
12.7% with H-HS (Figure 3.18). The greatest decrease in yield with HS occurred in the southern 
half of the RRB (Figure 3.19). As yields were reduced by HS, standard deviations slightly 
increased (Figure 3.20). Soybean yield in the Mid 4.5 projection with HS was reduced by 1% for 
88 
 
L-HS and 7% for H-HS relative to the baseline scenario without HS, with the largest reduction 
towards the southern portion of the basin. (Figure 3.16; 3.21). 
The Late 4.5 projection had an average yield of 50.8 and 54.5 bu/a and a maximum yield 
of 69.7 and 70.1 bu/a when HS was set to H-HS and L-HS, respectively (Figure 3.13e,f). The 
greatest reduction in yield to due HS occurred in the central and southern portion of the RRB and 
resulted in a slight increase in standard deviation (Figure 3.19; 3.20). Soybean yield under the 
Late 4.5 projection was reduced by 7% with L-HS and 13% with H-HS relative to yield with no 
HS (Figure 3.18). Yields in the Late 4.5 projection increased by 4% for the L-HS and decreased 
by 3% for the H-HS relative to the baseline scenario without HS, and the largest reduction in 
yields concentrated to the southern half of the basin (Figure 3.16; 3.21).  
 The average yields under the Late 8.5 projection with HS included were 59.8 and 54.5 
bu/a with a maximum yield of 75.4 and 81.8 bu/a for the L-HS and H-HS, respectively (Figure 
3.13e,f). The greatest reduction in soybean yields for this projection was in the northern portion 
of the RRB, relative to no HS (Figure 3.19). The standard deviation across the 10-years and the 
basin were similar to no HS for the L-HS simulation, but there was a slight reduction in the 
standard deviation of yield in the west-central portion of the RRB (Figure 3.20). When HS was 
turned on, there was a 9% and 17% reduction in yield relative to no HS for the L-HS and H-HS 
simulations (Figure 3.18). Similar to corn, this RCP projection yielded the largest reduction in 
soybean yield when HS was turned on due to the greatest increase in growing season average 
temperatures. Simulated yields in the L-HS and H-HS simulations under the Late 8.5 projection 
were 25% and 14% greater, respectively, than the baseline without HS and the largest increase 
concentrated to the northern half of the RRB (Figure 3.16; 3.21). 
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3.3.4 Yield Sensitivity Under Future Climates 
Under the baseline scenario, both corn and soybean yield increased with an increase in 
average growing season temperature and precipitation and decreased with increasing average 
growing season VPD (Figure 3.22; 3.23). However, sensitivity to temperature, precipitation, and 
VPD under future RCP projections for corn was unclear. As for soybeans, yields decrease as 
temperature and precipitation increase under future climate. When focusing on VPD, the overall 
trend showed an increase in yield relative to an increase in VPD, but concentrated bands of 
reductions in yield due to increases in VPD were noted (Figure 3.22c,f,i).  
Focusing on the RRB subdomain, there was a strong correlation between increasing 
temperature and VPD and decreasing yield, but no correlation between precipitation for corn 
under all levels of [CO2] (Figure 3.24; Table 3.2). As for soybean yield, the correlation between 
yield and increasing temperature and VPD decreased as [CO2] increased (Figure 3.25; Table 
3.3). Similar to corn yield, there was no correlation between soybean yield and precipitation at 
any level of [CO2] (Table 3.3). Unlike corn, soybean simulations resulted in an increase in yields 
at higher [CO2], and the sensitivity to temperature and VPD were reduced as indicated by the 
reduction in slope at higher [CO2] (Table 3.3). For both corn and soybeans, when HS was 
included, the correlation of yield to the climate variables grew stronger, and the slope of this line 
was much steeper in relation to the simulations without HS (Table 3.2; 3.3). 
The slope of corn yield with and without HS above the thresholds for both temperature and 
VPD decreased as [CO2] increased, implying that corn yield was more sensitive to higher 
temperatures and VPD at higher [CO2] (Figure 3.26; Table 3.2). There was a stronger correlation 
of corn yield to higher VPD at [CO2] of 400 and 600 ppm relative to the lower threshold of VPD 
when HS was turned off and when L-HS was applied (Table 3.2). All levels of [CO2] resulted in 
a stronger correlation to higher VPD than lower VPD for the H-HS simulation of corn yield 
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(Table 3.2). However, the correlation of corn yield at high temperatures was stronger at all [CO2] 
levels for no HS and L-HS relative to lower temperatures, and H-HS was only stronger at 400 
and 600 ppm (Table 3.2). There was also a stronger correlation of soybean yields to higher VPD 
at 400 and 600 ppm for no HS and L-HS, and all levels of [CO2] for H-HS relative to lower VPD 
threshold values, similar to that of corn (Table 3.3). As for temperature, both HS and no HS 
simulations showed greater correlation to higher temperature values relative to lower 
temperature values for all levels of [CO2], except for no HS at 800 ppm (Table 3.3). The slope of 
soybean yield in relation to temperature and VPD above the threshold became less negative and 
was statistically significant with an increase in [CO2] for all HS scenarios, implying that soybean 
yield is less sensitive to high temperature and VPD at higher [CO2] (Figure 3.27; Table 3.3).  
There was a slight increase in corn yields at higher [CO2] (Figure 3.28). Note that increasing 
[CO2] does not lessen the response of increasing temperature and VPD. These plots show that as 
temperature and VPD increase, corn yield is expected to decrease at all [CO2], and even more so 
for H-HS. As for soybeans, there was an increase in yields at higher [CO2], as previously 
mentioned. As temperature and VPD increase, soybean yield at higher [CO2] was significantly 
higher than yields at lower [CO2] for all levels of HS (Figure 3.29). This relationship implies that 
elevated [CO2] lessens the sensitivity of soybean yield to both elevated VPD and temperature. 
The 10-year average yields, date of planting, grain fill initiation, maturity, and grain fill 
length can be found in Table 3.4. Both biomass accumulation and the length and timing of grain 
filling were compared to both the baseline and original Late 8.5 projection. By increasing the 
hybrid GDD under the Late 8.5 projections, there was an increase in biomass production relative 
to the Late 8.5 benchmark scenario grown at 2000 ˚C (Figure 3.30). By optimizing the hybrid 
GDD under this RCP scenario, we were able to simulate biomass accumulation within a 
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comparable range of the historical weather used in the baseline scenario. Note that biomass 
accumulation was more variable under future climate relative to the historical baseline (Figure 
3.30). Relative to the Late 8.5 benchmark simulation, this increase in hybrid GDD has both 
shortened (by an average of 6 days) and shifted the grain filling period to later in the growing 
season (average of 22 days later; Table 3.4). This shift in the growing season resulted in grain-
filling to occur during lower growing season average temperatures and VPD (Figure 3.31).  
3.4 Discussion 
This study used the enzyme kinetic physiology-based agroecosystem model, Agro-IBIS, 
to investigate the effect of elevated temperature and VPD sensitives on corn and soybean yield 
with the inclusion of reproductive HS. Agro-IBIS was calibrated and simulated corn and soybean 
AGB, grain C, and HI within one standard deviation of FACE field data at elevated temperature 
and [CO2]. Agro-IBIS yields were also evaluated for the RRB in central Iowa and fell within one 
standard deviation of county average NASS yields. Furthermore, corn and soybean yields were 
simulated for a baseline and three future RCP warming scenarios for one CMIP5 climate 
projection. 
These results showed that corn yields were projected to decrease between 29% and 49% 
depending on the elevated temperature and [CO2] for each respective RCP projection and the 
level of sensitivity to reproductive HS (Figure 3.16). As for soybean, yields were projected to 
range between a 7% reduction and a 25% increase relative to the baseline scenario depending on 
HS sensitivity and the RCP projection (Figure 3.16). Therefore, these results support the 
hypothesis that corn yields will be reduced under future climates relative to the baseline scenario, 
and soybean yield responses will vary under future climates and depend on [CO2].  
The inclusion of HS within Agro-IBIS reduced yield relative to no HS by 6% to 25% for 
corn and 7% to 13% for soybean for the RCP 4.5 projections depending on the sensitivity to HS 
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(Figure 3.18). As for the RCP 8.5 projection, corn yields were reduced by 8% and 30%, and 
soybean yields were reduced by 9% to 17% depending on sensitivity to H-HS and L-HS, 
respectively (Figure 3.18). The Late 8.5 projection resulted in the largest increase in growing 
season average temperature relative to the RCP 4.5 scenarios and therefore saw the largest yield 
reduction when HS was included. This finding supports the hypothesis that the inclusion of HS 
will reduce both corn and soybean yields the most under warmer climate projection scenarios 
relative to the baseline scenario.  
As for the sensitivity of yield to VPD and temperature, the slope of soybean yields was closer 
to zero at higher [CO2] for all levels of HS, implying that sensitivity to these variables was 
reduced (Table 3.3). This reduction in sensitivity to elevated VPD and temperatures was likely 
due to the CO2 fertilization effect on C3 photosynthesis. Agro-IBIS simulates temperature 
dependent enzyme kinetic leaf-level photosynthesis and stomatal conductance at the hourly 
temporal scale. Therefore, yields at higher VPD and temperatures were not reduced as much 
under higher [CO2] relative to lower [CO2] (Table 3.3; Figure 3.25; 3.27; 3.29). Higher [CO2] 
also would allow a reduction in stomatal conductance, allowing for increased water savings, 
therefore reducing the potential loss of yield at elevated VPD and temperatures.  
However, corn yield did not see a significant change in slope at higher [CO2]. Therefore, 
sensitivity to elevated temperature and VPD was not reduced (Table 3.2; Figure 3.24; 3.26; 
3.28). While the effect of CO2 fertilization does not directly increase corn yield due to higher 
[CO2], there is the potential for an indirect increase in water savings, as mentioned above. It was 
noted that there was a slight increase in corn yield under higher [CO2] (Figure 3.28). This small 
increase could be due to this indirect water savings effect. These findings on the sensitivity to 
elevated VPD and temperature on both corn and soybean yield support the hypothesis that yield 
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sensitivity to VPD and temperature (slope) will be reduced at higher [CO2] for soybean but not 
corn.  
3.4.1 Comparison to Previous Studies 
We compared several studies using a variety of models to the results of this study. We were 
mostly similar regarding the reduction in corn yield under future climate but saw different 
projections of soybean yields relative to a few studies. Focusing on corn, Zhu et al. (2019) 
compared multiple crop models (only one being enzyme kinetic based; CLM-Crop) to quantify 
the sensitivity of high temperatures on corn production. They found that on average, corn yield 
was reduced by 7% for every 1 ˚C increase. We found a similar response in the sensitivity 
simulations conducted of 6-8% reduction in corn yield with every 1 ˚C increase in temperature, 
depending on the sensitivity level of HS. Zhu et al. (2019) also discuss ignoring changes in 
cultivars (hybrid GDD) could over-estimate projected yield loss under future climates. We found 
similar results in the sensitivity analysis of increasing hybrid GDD to 2800 ˚C in the Late 8.5 
projection and showed that optimizing hybrid GDD to a changing environment could improve 
yield projections in a future climate. A limitation that was addressed in Zhu et al. (2019) was that 
all the models used in the study except for the CLM-Crop model (similar to Agro-IBIS) did not 
include a canopy scale energy balance to calculate canopy temperature. Therefore, the rest of the 
models (i.e., APSIM) use air temperature to parameterize the HS effects, which increases the 
variability of yield responses under hotter and drier future climates. 
Hsiao et al. (2019) focused specifically on corn and were able to tease apart the CO2, VPD, 
and temperature responses on yield, but did not include reproductive HS and only focused on a 
single point. This study used an elevated temperature and VPD increase associated with a 2 ˚C 
warming and an elevated [CO2] of 800 ppm, which does not coincide with the future RCP 4.5 or 
8.5 projections used in this study. When holding [CO2] constant (400 ppm; ambient) and 
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elevating temperature and VPD, they found a 24 ± 2.8% reduction in yield. This was similar to 
our simulations without HS for the Mid 4.5 and Late 4.5 (with slightly higher [CO2]), resulting in 
a 23.5% to 24.3% reduction in yield. When all elevated factors were included in Hsaio et al. 
(2019), there was a 4 ± 3.4% reduction in corn yield. However, it is important to remember that 
that projection was based on a 2 ˚C warming and 800 ppm. 
 When elevated temperatures as heatwaves were explicitly applied during the flowering 
and grain filling periods for soybean, Thomey et al. (2019) saw that soybean yields grown at the 
FACE site at 600 ppm could increase by 28-45% when grown with an elevated temperature of 
+5 ˚C and decrease by 11% when grown at an elevated temperature of +9 C, relative to the 
ambient conditions of 400 ppm with no elevated temperature. Their Agro-IBIS simulations 
showed a 10-16% increase at elevated temperatures of +5 ˚C and a -9.1% to +3.4% change in 
soybean yields at +9 ˚C depending on the timing when the elevated temperature was applied 
(flowering or grain fill) and with no inclusion of HS. If [CO2] were increased to 825 ppm in the 5 
˚C treatment, a larger increase in yield could potentially be obtained. It is important to note that 
the heatwave was only applied to either at flowering or grain fill, but not at both times within the 
same plot, so this could have underestimated the yield response to elevated temperature and 
[CO2]. With the inclusion of HS for both flowering and grain fill, we found a 14% to 25% 
increase relative to the ambient baseline scenario when an average growing season temperature 
was +6 ˚C and [CO2] was equal to 825 ppm in the Late 8.5 projection.  
In a similar study, Jin et al. (2017a) used three global climate models (CCSM4, GFDL-
ESG2G, and HadGEM2-ES) that were downscaled using WRF, similar to the methodology in 
this study, and used to drive APSIM simulations. While focusing specifically on Iowa, the 
average of these models showed similar corn yield reductions under both the late-century RCP 
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4.5 and 8.5 (approximately 30% and 40% reduction relative to the baseline, respectively). 
However, they projected a decrease in soybean yields between 30-40% in the Late 4.5 and 10-
20% reduction in the Late 8.5 while our simulations projected a -3% and +14% change with the 
highest sensitivity to HS, respectively (Figure 3.16). Isolating each GCM used in their study 
showed that the GFDL model projected a -10 to 0% change in the Late 4.5 and a 0 to +10% 
change in the Late 8.5 relative to the baseline scenario for soybean in Iowa while the other two 
GCMs showed responses similar to the model mean (Jin et al., 2017a supplemental information). 
The GFDL model projection showed similar precipitation, maximum VPD, and maximum 
growing season temperatures to the bbc-csm1-1 model used in this study.  
For the state of Iowa, Xu et al. (2016) used six future climate projections in the Agro-
IBIS model and found corn yields are likely to decrease by 6.6% for each 1 ˚C increase in 
temperature, similar to Zhu et al. (2019) and the results from this study. Additionally, Xu et al. 
(2019) also concluded that corn yields could decrease by 15% to 50% by the end of the century, 
and if corn were not water-limited, one could expect a yield reduction of only 10% to 20%. 
While their study did not include the impact of reproductive HS, we found a comparable yield 
reduction due to future climate change between 24% and 49%, depending on the RCP scenario 
and sensitivity to HS (none, low, or high). As for both corn and soybean production in Iowa, 
Wang et al. (2015) modeled yields under six future climate projections and suggest that soybean 
yields could increase by 28% and corn yields could be reduced by 15% by the end of the mid-
century, which trend similarly to the no HS simulations in this chapter.   
Another study analyzing the RRB in Iowa with the EPIC model used an average of eight 
global climate model projection and found that corn yield could decrease by approximately 7% 
and soybean yield decreased by approximately 2% in the RCP 8.5 projection by the end of the 
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century (Bhattarai et al., 2017). The fact that only one global climate model was used to drive 
these future projections in our analysis could have led to an overestimation of soybeans yields 
under future climates. 
3.4.2 Considerations for Future Studies 
Our analysis included an analysis of the impact of HS under future climate as well as one 
possible way to increase corn yields under future climate by optimizing the hybrid GDD 
requirements within our model. We could potentially focus breeding efforts on increasing the 
grain-filling period by increasing the time it takes to reach maturity; however, making one 
change to a gene could result in pleiotropic effects. Another implication of our study was that we 
assumed a hybrid GDD of 2800 ˚C under the optimized corn sensitivity scenario. While this was 
easy to adjust in the agroecosystem model, reaching this length of growing season through 
breeding efforts may take many years to accomplish. Future efforts could focus on adjusting the 
hybrid GDD of corn for a range of reasonable growing season lengths that are already available 
and ranges that could potentially be obtained to analyze the impact this may have on yield 
projections under future climate. Additionally, we did not include the acclimation or 
downregulation of photosynthetic parameters due to elevated CO2 under future climate 
conditions. This has been observed through FACE studies and is one factor that needs to be 
addressed in the modeling community to determine this impact on both local and global yield 
projections. Another implication is that while we could potentially adapt the growing season 
length of corn through breeding, it is extremely hard to mitigate the impact of reproductive heat 
stress on crops. Since this is out of reach for most breeding efforts, it is important to focus our 
modeling efforts on obtainable changes in cultivars. 
In this analysis, we used an agroecosystem model that included enzyme kinetic based 
photosynthesis calculations at the hourly leaf-level scale. This allowed us to use canopy 
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temperature to trigger when heat stress occurred within the growing season for both corn and 
soybean. Previous studies that do not account for this level of detail typically use air temperature 
to trigger heat stress within a plant. Therefore, our method and model chose allowed us to 
simulate the effect of HS at the canopy level, which better represents this physiological process. 
However, we did not include a comparison of how air temperature could have impacted the 
results of HS within our study and how this compares to previous studies. One assumption that 
was made within our analysis and previous studies was that there was no mechanistic 
relationship between the temperature and degree of HI or allocation of C to grain reduction when 
HS was triggered. We assumed a single temperature threshold that could potentially be 
overestimating the influence of HS on yield reductions under future climate. By adding in a 
temperature relationship to determine the degree of HS-induced reductions, similar to that of the 
temperature-dependent photosynthesis equations within Agro-IBIS, we may improve the 
influence of HS on future yield projections.  
By only using one climate model, we did not account for the variability in yield projections 
across other future global forcing projections. Previous studies that include multiple future 
climate projections resulted in similar changes in corn yield but varied in terms of soybean yield 
quite possibly due to the ranges of climate variables (temperature, precipitation, VPD) within the 
selected climate models. At least one more global climate model forcing will be incorporated 
into this analysis to account for this variability before submitting for publication.  
With this, we did not specifically address the impact of water availability under future 
climate. Under elevated temperatures and VPD, rates of evaporation and evapotranspiration may 
increase. To save water resources, a plant may reduce the stomatal aperture to minimize water 
loss under these extremely hot and dry conditions. We noted that the range in precipitation 
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amounts across the RRB was very large under the late century projections relative to the baseline 
scenario. When extremely dry periods occur, this reduction in precipitation can amplify the 
impact that elevated temperature, and VPD has on reducing crop yield, even with elevated 
[CO2]. Our data did not result in much of a seasonal shift in precipitation rates across the 
projections, but did result in greater variability in July, August, and September in the late century 
future climate scenarios relative to the baseline. The impact of elevated temperature and VPD on 
crop yield reductions could be amplified due to lower precipitation rates occur during these 
months, which coincide with the reproductive phases of crop development, especially during 
anthesis and grain filling. However, crop yields (i.e., corn) may still see a reduction in yield even 
if they receive all the necessary water during the growing season under future climate conditions 
(Xu et al., 2016). While this impact was not included within this analysis, water availability 
under future climate conditions for both corn and soybean needs to be accessed through 
agroecosystem models to better understand the future of water security within the Midwest, US.  
While we did take advantage of the FACE elevated CO2 and temperature treatment data, 
many studies did not. The available data from these field trials were limited in terms of elevated 
temperature and CO2 ranges that do not explicitly represent the late century RCP 8.5 projections. 
Similar concerns were expressed by Jin et al. (2017a) due to the uncertainty of yields projected 
under the Late 8.5 levels of [CO2] since no FACE experiment has used levels over 800 ppm. 
While there are some FACE experiment data for elevated CO2 and temperature treatments on 
soybeans, there is limited data on corn (Figure 3.32). While few studies take advantage of this 
existing FACE data in the calibration or adjustment of parameters within their models prior to 
running future climate projections (Jin et al., 2017; Thomey et al., 2019), the majority of these 
studies do not (e.g., Xu et al., 2016; Bhattarai et al., 2017; Peng et al., 2018; Hsiao et al., 2019). 
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This is one limitation to the modeling community because a model is only as good as the data it 
is calibrated with. Future field studies need to include a factorial field design that includes a 
combination of temperatures near +6 ˚C and close to 800 ppm so models can be better calibrated 
before predicting future yields (Figure 3.32). 
3.5 Conclusions 
 Within this study, Agro-IBIS was calibrated to corn and soybeans grown at a 585 ppm 
and a 3.5 ˚C increase, and corn and soybean yield projections were assessed under future climate. 
The calibration used available FACE data from these elevated CO2 and temperature treatments. 
However, many previous studies did not use this data to calibrate or evaluate their model before 
simulating future yield projections. The agroecosystem modeling community needs to take 
advantage of the data from elevated temperature and CO2 FACE sites that currently have 
available data and the future datasets that are to come. Our analysis showed the potential future 
projections of corn and soybean yields under a future climate, but only one global climate model 
was used to drive the RCP scenarios. One could expect to see a 30% to 43% decrease in corn 
yields by the middle of the century (2047-2056) and a 29% to 49% decrease by the end of the 
century (2087-2096). On the contrary, soybean yields could be reduced by 7% to 1% by the 
middle of the century and could range between a 3% reduction to a 25% increase by the end of 
the century. Since these projections are estimates based on one future global climate projection, 
more global climate model data will be required to increase our certainty in future yield 
predictions within this region.  
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Table 3.1: Agro-IBIS parameter definitions. 
Parameter Definition 
Vmax Maximum velocity of Rubisco 
arooti Initial vegetative carbon allocation to the roots 
arootf Final reproductive carbon allocation to the roots 
aleaff Final reproductive carbon allocation to the leaves 
astemf Final reproductive carbon allocation to the stems 
specla Specific Leaf Area 
fleafi Fraction of above ground vegetative carbon allocation to the leaves 










Table 3.2: Adjusted R2 and slope values for corn yield sensitivity analysis. Thresholds were 23 C 




Table 3.3: Adjusted R2 and slope values for soybean yield sensitivity analysis. Thresholds were 




Table 3.4: 10-year average yield, planting, grainfill start, and maturity date for corn grown under 
a combination of climate projections and hybrid GDDs that include a baseline climate at 2000 





















Baseline 2000 168 115 215 279 64 
Late 8.5 2000 112 99 177 247 70 






Figure 3.1: CMIP5 bias-corrected with WRF yearly historical precipitation compared to Iowa 
















Figure 3.3: Measured growing season average Vmax values from (a) 2009 soybean (Rosenthal et 








Figure 3.4: FACE soybean C in grain, AGB, and HI observational data (bar graph) with 1 
standard deviation (error bars) compared to Agro-IBIS simulation output without HS (grey 
circle) and with HS (red circle) for the control (Ctrl), elevated CO2 (eC), elevated CO2 + 




Figure 3.5: Agro-IBIS parameter combinations that resulted in the lowest percent error from 




Figure 3.6: FACE corn C in grain, AGB, and HI observational data (bar graph) with 1 standard 
deviation (error bars) compared to Agro-IBIS simulation output without HS (grey circle) and 
with HS (red circle) for the control (Ctrl), elevated CO2 (eC), elevated CO2 + temperature 




Figure 3.7: Agro-IBIS parameter combinations that resulted in the lowest percent error from 




Figure 3.8: Evaluation for 5 Iowa counties within the RRB between Agro-IBIS and NASS 




Figure 3.9: Evaluation for 5 Iowa counties within the RRB between Agro-IBIS CMIP5 baseline 





Figure 3.10: Violin plots for (A) growing season average temperature, (B) total precipitation, and 







Figure 3.11: (A) growing season average temperature, (B) total precipitation, and (C) growing 





Figure 3.12: Change in (A) growing season average temperature, (B) total precipitation, and (C) 




Figure 3.13: Violin plots for (A,B,C) corn and (D,E,F) soybean yields (A,D) without HS and 








Figure 3.14: 10-year average corn yields for the baseline and three future RCP climate 







Figure 3.15: 10-year average standard deviation of corn yields for the baseline and three future 







Figure 3.16: Percent change in (A) corn and (B) soybean yield in future RCP climate projections 







Figure 3.17: Change in corn yield under future RCP climate projections with (A) no HS, (B) L-








Figure 3.18: Percent change in (A) corn and (B) soybean yields when HS is on relative to HS 







Figure 3.19: 10-year average soybean yields for the baseline and three future RCP climate 








Figure 3.20: 10-year average standard deviation of soybean yields for the baseline and three 






Figure 3.21: Change in soybean yield in future RCP climate projections with (A) no HS, (B) L-






Figure 3.22: Scatter plots of (A,D,G) growing season average temperature, (B,E,H) total 
precipitation, and (C,F,I) growing season average VPD for corn yields (A,B,C) without HS, 




Figure 3.23: Scatter plots of (A,D,G) growing season average temperature, (B,E,H) total 
precipitation, and (C,F,I) growing season average VPD for soybean yields (A,B,C) without HS, 





Figure 3.24: Subdomain scatter plots of (A) growing season average temperature, (B) total 
precipitation, and (C) growing season average VPD relative to corn yield at three [CO2]s (400, 







Figure 3.25: Subdomain scatter plots of (A) growing season average temperature, (B) total 
precipitation, and (C) growing season average VPD relative to soybean yield at three [CO2]s 








Figure 3.26: Corn yield sensitivity to (A,B,C) growing season average temperature and (D,E,F) 
growing season average VPD for three at atmospheric [CO2]s (400, 600, 800 ppm) and for (i) no 
HS, (ii) L-HS, and (iii) H-HS for a sub domain within the RRB. Piecewise liner fit was applied 
to each with explicit break-points at 23 C for temperature and 0.75 kPa for VPD. See Table 3.2 








Figure 3.27: Soybean yield sensitivity to (A,B,C) growing season average temperature and 
(D,E,F) growing season average VPD for three at atmospheric [CO2]s (400, 600, 800 ppm) and 
for (i) no HS, (ii) L-HS, and (iii) H-HS for a sub domain within the RRB. Piecewise liner fit was 
applied to each with explicit break-points at 23 C for temperature and 0.75 kPa for VPD. See 




Figure 3.28: Three dimensional scatter plots of corn yield, growing season average temperature 
and VPD for three levels of atmospheric [CO2] and for (i) no HS, (ii) L-HS, and (iii) H-HS for a 




Figure 3.29: Three dimensional scatter plots of soybean yield, growing season average 
temperature and VPD for three levels of atmospheric [CO2] and for (i) no HS, (ii) L-HS, and (iii) 







Figure 3.30: (i) GDD accumulation and (ii) AGB accumulation for 10 years and (iii) 10-year 
averaged AGB allocation for corn grown with (A) hybgdd of 2000 in historical climate, (B) 
hybgdd of 2000 under Late-Century RCP 8.5 climate, and (C) hybgdd of 2800 under Late-
Century RCP 8.5 climate. Black bars represent 10-year average planting, grainfill start, and 









Figure 3.31: 10-year average growing season (A,C,E) temperature and (B,D,F) VPD for (A,B) 
historical climate and (C,D,E,F) Late-Century RCP 8.5 climate. Black bars represent 10-year 
average planting, grain fill start, and maturity date (respectively from left to right) under 









Figure 3.32: Representation of field FACE experiments and modeled percent change in soybean 
and corn yield from the literature. The plane represents the fitted values of % Change = CO2 + 




Appendix. Subdomain Heat Stress Sensitivity Analysis 
A.1 Average Growing Season Temperature 
The average growing season temperature in the subdomain of the RRB during the CMIP5 
baseline was 20.2 ± 0.98 C (Figure 1a). The growing season average temperature range over the 
10-year period was 18.9 to 21.7 C. During the mid-century RCP 4.5 projections, growing season 
average temperature was 21.8 ± 1.1 C and ranged between 19.8 to 23.8 C (Figure 1a). On 
average, the mid-century RCP 4.5 was 1.7 C warmer than the baseline scenario. During the late-
century RCP 4.5 projection, the average growing season temperature was 22.2 ± 1.1 C and 
ranged between 20.7 to 23.8 C (Figure 3 A.1a). While similar to the mid-century RCP 4.5 
scenario (+0.4 C), there was a 2.1 C increase in temperature on average relative to the baseline 
scenario. The largest average growing season temperature was shown in the late-century RCP 
8.5 scenario, with a value of 26.0 ± 1.3 C and ranging between 23.6 to 28.0 C (Figure 1a). This 
was 5.8 C greater than then baseline scenario and 3.7 C greater than the late century 4.5 scenario, 
on average.  
A.2 Annual Total Precipitation  
Average annual precipitation totals over the 10-year period within the subdomain of the 
RRB was 823 ± 128 mm (Figure 1b). The precipitation range across the basin over these 10 
years was 681 to 1096 mm. In the mid-century RCP 4.5 scenario, the average annual 
precipitation total was 689 ± 123 mm and ranged between 508 to 834 mm (Figure 1b). On 
average, the mid-century RCP 4.5 scenario was 134 mm drier than the baseline scenario. During 
the late-century RCP 4.5 scenario, average annual precipitation was 863 ± 236 mm and ranged 
between 528 to 1223 mm (Figure 1b). On average, this scenario was 174 mm higher than the 
mid-century RCP 4.5 scenario and only 40 mm greater than the baseline scenario. As for the late-
century RCP 8.5 projections, the annual average precipitation total was 823 ± 238 mm and 
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ranged between 377 to 1164 mm over the 10-year period (Figure 1b). On average, the total 
precipitation was 0 mm and 40 mm less than the baseline and late-century RCP 4.5 scenarios, 
respectively, but was 134 mm greater than the mid-century RCP 4.5 scenario.  
A.3 Average Growing Season VPD  
The average growing season VPD was 0.59 ± 0.07 kPa (Figure 1c). The range of VPD 
across the sub domain in the RRB over the 10 years was 0.5 to 0.72 kPa. In the mid-century RCP 
4.5 scenario, average growing season VPD was 0.71 ± 0.1 kPa and ranged between 0.58 to 0.94 
kPa (Figure 1c). On average, the growing season VPD in this scenario was 0.12 kPa greater than 
the baseline scenario. The average growing season VPD for the late-century RCP 4.5 scenario 
was 0.70 ± 0.10 kPa and ranged between 0.58 to 0.85 kPa (Figure 1c). This scenario was very 
similar to the mid-century RCP 4.5 scenario (+ 0.11 kPa) and showed the VPD same range over 
the 10-year period. As for the late-century RCP 8.5 scenario, the average growing season VPD 
was 0.97 ± 0.14 kPa and ranged between 0.77 to 1.23 kPa (Figure 12c). This scenario was 0.38 
kPa greater than the baseline scenario and 0.27 kPa greater than the late-century RCP 4.5 
scenario on average and did have the largest range in values over the 10-year period.  
A.4 CMIP5 Corn Yield Simulated by Agro-IBIS  
 Corn yields under the baseline scenario were calibrated to NASS data as 
mentioned in section 3.3.2. The average corn yield across the RRB for the 10-year simulations 
was 167.7 ± 26.1 bu/a with the maximum yield reaching 218.9 bu/a (Figure 2). Corn yields on 
average were 123.1 ± 47.2 bu/a with a maximum yield of 183.5 bu/a under the mid-century RCP 
4.5 scenario (Figure 2). Yield under this scenario was -27% lower than the baseline scenario on 
average with the largest change in yield towards the southern portion of the basin (Figure 3). The 
average corn yield for the late-century RCP 4.5 scenario was 126.3 ± 37.1 bu/a with a maximum 
yield of 173.1 bu/a over the 10-year period (Figure 2). Corn yields in this scenario were -25% 
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less than the baseline scenario (Figure 3). In the late-century RCP 8.5 scenario, corn yields were 
111.8 ± 37.9 bu/a on average with a maximum yield of 166.8 bu/a over the 10-year period 
(Figure 2). Corn yields under the late-century RCP 8.5 scenario were -33% less than the baseline 
scenario on average and once again the greater yield reduction occurred in the southern portion 
of the RRB (Figure 3). 
Simulations with HS on included both low and high sensitivity. High sensitivity was 
determined by the grain filling decline factor determined in the FACE calibration (99.6%; H-HS) 
and L-HS was set to 99.9% reduction. This reduction occurs every time the HS for grain filling 
was triggered. When HS was turned on in the baseline scenario, yield was reduced by 1% to 7% 
(Figure 4). In the mid-century RCP scenario, yield was reduced by 7% to 25% (Figure 4). Corn 
yield in this scenario was 32% to 45% less relative to the baseline scenario without HS (Figure 
5). Corn yield in the late-century RCP 4.5 scenario was reduced by 6% to 22% when HS was on 
relative to HS off (Figure 4). This scenario had 29% to 41% lower yields relative to the baseline 
scenario without HS (Figure 5). As for the late-century RCP 8.5 projection, yield was reduced by 
8% to 28% when HS was turned on relative to HS off (Figure 4). Corn yield was reduced by 
39% to 52% relative to the baseline scenario without HS on (Figure 5).  
A.5 CMIP5 Soybean Yield Simulated by Agro-IBIS  
 Soybean yields under the baseline scenario were 54.0 ± 15.1 bu/a on average with 
a maximum yield of 78.7 bu/a (Figure 2). As for the mid-century RCP 4.5 scenario, soybean 
yields on average were 54.5± 5.4 bu/a with a maximum yield of 65.6 bu/a (Figure 2). Mid-
century RCP 4.5 soybean yields were 1% higher than the baseline scenario yields (Figure 3). 
Under the late-century RCP 4.5 projections, soybean yield on average was 56.9 ± 4.8 bu/a across 
the RRB with a maximum yield of 63.0 bu/a (Figure 2). Relative to the baseline scenario, 
soybean yields under the late-century RCP 4.5 scenario were 5% higher (Figure 3). As for the 
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late-century RCP 8.5 scenario, the average soybean yield across the basin was 70.1 ± 6.5 bu/a 
with a maximum value of 79.7 bu/a (Figure 2). Late-century RCP 8.5 yields were 30% higher on 
average relative to the baseline scenario (Figure 3).  
 Similar to the corn HS simulations, HS was turned on for soybean. The grain fill 
decline factor for the H-HS scenario was 99.8% for every time HS was triggered and was based 
off of the FACE calibration. The L-HS was the same as corn (99.9% decline). When HS was 
turned on in the baseline scenario, soybean yield was reduced by 2% to 4% (Figure 4). In the 
mid-century RCP scenario, yield was reduced by 7% to 14% when heat stress was turned on 
(Figure 4). Soybean yield in this scenario was 6% to 13% less relative to the baseline scenario 
without HS (Figure 5). The yield for soybean in the late-century RCP 4.5 scenario was reduced 
by 7% to 14% when HS was on relative to HS off (Figure 4). This scenario had 2% to 10% lower 
yields relative to the baseline scenario without HS (Figure 5). As for the late-century RCP 8.5 
projection, yield was reduced by 9% to 18% when HS was turned on relative to HS off (Figure 
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Figure 1: Violin plots for (A) growing season average temperature, (B) total precipitation, and 






Figure 2: Violin plots for (A,B,C) corn and (D,E,F) soybean yields (A,D) without HS, 











Figure 3: Percent difference between (A) corn and (B) soybean yields from the future 
















Figure 4: Percent difference between (A) corn and (B) soybean yields with L-HS and H-










Figure 5: Percent difference between (A) corn and (B) soybean yields from the future 
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4.1 Introduction 
Nitrogen (N) loss from agricultural production in the US Corn Belt is one of the leading 
causes of poor water quality within the Mississippi River Basin (David et al., 2010). Some 
watersheds within the Mississippi River Basin, such as the Raccoon River Basin (RRB), have a 
particularly high fraction of land under agricultural production, and nutrient reduction has 
become a high priority (IAWA, 2020). This basin, located within the Des Moines Lobe in west-
central Iowa (Figure 1.1), has contributed high N loads into main water sources of large 
communities and ultimately contributing to the Gulf of Mexico Hypoxic Zone (Goolsby et al., 
2000; Schilling and Zhang, 2004; Hatfield et al., 2009; David et al., 2010; Jones et al., 2016; 
Jones et al., 2018a). Because the removal of N is relatively expensive, Des Moines Water Works 
(DSMWW) filed a lawsuit in 2016 against three upstream drainage districts along the North 
Raccoon River for contributing to nitrate concentration levels that are deemed unsafe by the EPA 
(EPA; Stowe, 2016). 
There are many ways in which N can be lost from a field. Firstly, farmland within this 
basin consists mostly of corn-soybean rotations that are fertilized with synthetic N and manure 
and are located on land modified with subsurface tile drainage (Schilling et al., 2008; Jones and 
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Schilling, 2011; Jones et al., 2018b). While the practice of tile drainage allows for improved crop 
production due to a reduced potential of flooding from a reduction in the soil water table, it also 
allows for more N loss into nearby waterways (Amado et al., 2017). The loss of N within a field 
can also occur along the edge of fields neighboring drainage ditches through leaching, runoff, or 
drainage from tiles. Another significant loss of N can occur during fallow periods when 
mineralization rates are high due to increased soil temperatures (Cambardella et al., 1999; 
Melillo et al., 2002; Zaehle et al., 2010). This transformation allows for N to become mobile 
within the soil, and if an established root system is not in place to utilize this available N, this N 
can be lost to nearby waterways (Fernandez et al., 2017).  
The Iowa Nutrient Reduction Strategy (INRS) has presented many management 
strategies to reduce nitrate leaching by up to 41% (INRS, 2013). Some examples of the 
suggested management strategies include adjusting the timing of fertilizer application, planting 
cover crops, or planting perennial energy crops, like miscanthus (Miscanthus x giganteus). While 
the inclusion of miscanthus on cropland has been shown to reduce nitrate loads in our current 
climate (McIsaac et al., 2010; Hernandez-Ramirez et al., 2011; Smith et al., 2013; Daigh et al., 
2015; VanLoocke et al., 2017; Brandes et al., 2018; Hussain et al., 2020); few efforts have 
quantified how water quality will respond from this land use change under future climates (Wang 
et al., 2015; Teshaeger et al., 2016; Rajib et al., 2016).  
Water quality challenges that have previously affected the RRB have occurred during 
relatively favorable climate conditions and stable corn and soybean production (Butler et al., 
2018; Basso et a., 2019; Gutowski and Takle, 2020). Moving forward, global change in the form 
of increased atmospheric carbon dioxide concentration ([CO2]), temperature, precipitation, and 
vapor pressure deficit (VPD) could decrease crop productivity in future years to come (Lobell et 
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al., 2014; Ort and Long, 2014; Ruiz-Vera et al., 2013; 2015; Jin et al., 2017a; 2017b; Gutowski 
and Takle, 2020). While increases in [CO2] alone have the potential to directly increase soybean 
yields from CO2 fertilization and indirectly increase corn yields through improved water use 
efficiency (Leakey et al., 2004; Long et al., 2004; 2006), incorporating increased temperature, 
VPD, and extreme, and variable precipitation events into the mix may have the varying effects 
(Ruiz-Vera et al., 2013; 2015; Jin et al., 2017a; 2017b; Gutowski and Takle, 2020). When crops 
become stressed due to these abiotic factors, photosynthesis and N uptake may be reduced 
(Lamaoui et al., 2018; Hussain et al., 2019; Basso et al., 2019), allowing more N to remain in the 
field. This N then has the potential to be removed from a field through waterways via leaching, 
subsurface tile drainage, and surface runoff and in turn can worsen water quality, as previously 
mentioned. If the timing of increased temperatures and extreme precipitation events align with 
prime mineralization peaks within a field, drainage and streamflow rates could increase. This 
could result in an increase of N loss prior to the establishment of a large enough root system in 
annual row crops and ultimately result a reduction of crop yield (Li et al., 2019).  
Consequently, a reduction in yield could result in reduced profitability. Continuing to 
grow corn and soybean in specific regions while obtaining a profit and benefiting the 
environment may be challenging to achieve (Dixon and Segerson, 1999; Brandes et al., 2016; 
2018), especially in a changing climate. Land use and management changes will be needed to 
increase profitability and improve our environment by increasing carbon (C) sequestration and 
reducing runoff and N loss from fields. These changes could be driven by policy (i.e., Renewable 
Fuel Standard) or by profitability.  
As with N loss, perennials have been identified as a potential option to mitigate profit 
loss and negative environmental impacts (Asbjornsen et al., 2014; Brandes et al., 2018). At the 
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scale of the Mississippi River Basin, research has shown that while using an economic-
biophysical modeling approach, miscanthus could potentially reduce N loss but only if this 
perennial is replacing high N leaching cropland (Chapter 2). Housh et al. (2015) used an 
economic model to determine perennial grass placement on existing cropland for a watershed in 
central Illinois and was able to reduce N loss by 12% when 18% of cropland was converted to 
miscanthus. At the subfield scale, one study showed that one could reduce N loss by 
incorporating switchgrass into parts of fields with low profitability (less than -$100 US$/ha) and 
high N leaching (greater than 50 kg-N/ha), but this study did not include an agroecosystem crop 
model to determine these results (Brandes et al., 2018). These studies have shown the importance 
of conducting a high-resolution field-scale analysis to account for high variability in yield and 
profit within a single field (Brandes et al., 2016; Basso et al., 2019). One key limitation of these 
profitability studies was that they did not consider the impact of future climate and future crop 
production on land use change and water quality. Another limitation of these studies was the 
assumption of a set level of perennial grass production and not explicitly simulating yield for 
perennials. It has been suggested that miscanthus yield has the potential to increase under future 
climate change likely due to greater biomass accumulation due to longer growing seasons and 
earlier emergence, the effect of water savings from CO2 fertilization at elevated [CO2], and a 
reduction in cold days that would trigger senescence due to increases in temperature (Purdy et 
al., 2015; Tejera and Heaton, 2017; Chen et al., 2017a). Therefore, it is important to simulate 
miscanthus within models under the same future climate as assumptions as existing row crops. 
While we determined land use change at the Crop Reporting District level in Chapter 2, 
generalizations are hard to act upon at this scale. Therefore, land use change at the field scale 
resolution is needed to provide the opportunity for farmers to implement this change. In this 
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chapter, we built upon the approach presented in Brandes et al. (2018), in which miscanthus was 
placed on areas with low profitability and high N loss. Profit maps were generated based on 
model simulated corn and soybean yields and 2019 land rent and input costs (Plastina, 2019). 
The objective of this study was to quantify changes in crop productivity (i.e., total production) 
and water quality (i.e., N leaching, dissolved inorganic N (DIN) export) and quantity (i.e., 
streamflow) under future land use and climate change. Here we use an agroecosystem, Agro-
IBIS (Kucharik et al., 2000) and a hydrology model, THMB (Coe, 1998; Donner et al., 2002), to 
simulate crop productivity and water quality and quantity for the RRB at the field scale (500m 
resolution; e.g., Brandes et al., 2018) for a combination of contemporary and future climate and 
land use scenarios (Table 4.1). Global climate projections from the 5th Coupled Model 
Intercomparison Project (CMIP5, Taylor et al., 2012) were downscaled and bias-corrected for 
Iowa using the Weather Research Forecast (WRF) model. These scenarios were used to address 
two hypotheses: (1) cropping system productivity and water quality will decrease more under 
future climate conditions for corn and soybean relative to miscanthus, and (2) strategic profit-
based implementation of miscanthus production will have a greater impact on water quality 
under future climate relative to contemporary conditions. These hypotheses will be evaluated 
from total crop production, the total mass of N leached within the RRB, and the total mass of N 
exported as DIN at the location of the Van Meter gauge.  
4.2 Methodology 
4.2.1 Model Procedure and Scenarios 
This study follows a similar modeling procedure to that of Chapter 2 at the Crop 
Reporting District (CRD) level (i.e., 9 CRDs in Iowa), except that we are now using the field 
scale resolution (i.e., 0.25 km2; 754,350 individual grid cells in Iowa). Here we used the 
agroecosystem model, Integrated BIosphere Simulator – Agricultural Version (Agro-IBIS; 
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Kucharik et al., 2000), to simulate the growth of corn, soybean, natural vegetation, and 
miscanthus and N loss within the RRB. From there, N leaching, drainage, precipitation, and 
runoff from Agro-IBIS are simulated through the Terrestrial Hydrology Model with 
Biogeochemistry (THMB; Coe, 1998; Donner et al., 2002) to quantify DIN export and 
streamflow. County-level N fertilizer for corn and manure rates for both corn and soybean from 
2016 were applied within Agro-IBIS (Figure 4.1; Lark et al., under review). Scenarios were 
created to account for the combination of contemporary and future climate with and without the 
integration of miscanthus. Contemporary and future (mid- and late-century) climate input data 
generated from WRF bias-corrected CMIP5 model output for two RCP scenarios was used to 
drive these simulations (section 3.2.2). Contemporary land use fractions were generated for 
continuous corn, corn-soybean rotation, and natural vegetation using Cropland Data Layer 
(CDL) data from 2017 and 2018 (Boryan et al., 2011; Figure 4.2). These masks were used to 
create fractions of land use type per grid cell and used to weight each grid cell of Agro-IBIS 
output to create a mosaic of heterogeneous landscape (as described in Appendix A in Chapter 2). 
Profitability maps were generated using 2019 county average land rent price (Figure 4.3), 
input costs, and grain prices (Plastina, 2019) and Agro-IBIS modeled yields (Chapter 3) to 
determine where miscanthus should replace existing row crops. The average of corn and soybean 
profit maps and N leaching rates from the Agro-IBIS simulations were used to determine the 
location of miscanthus placement (section 4.2.2). We used Agro-IBIS simulated yields, which 
were evaluated against NASS yield data from 2010-2019 (section 3.3.2), to generate the 
profitability maps used in this chapter.  
To assess the productivity of the landscape in future climates, we compare yearly 
variables from Agro-IBIS, including yield (discussed in sections 3.3.3.4 and 3.3.3.5), total 
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production, net mineralization (i.e., mineralization minus immobilization), and N leached under 
future climate to the baseline scenario. This version of Agro-IBIS can simulate heat stress (HS) 
as shown in Chapter 3; however, yields simulated under HS were not included in this analysis 
due to computational time constraints. Weighted daily runoff, drainage, precipitation, and N 
leached Agro-IBIS output is then used to drive THMB to simulate streamflow and DIN export at 
the outlet of the RRB where future climate and land use change scenarios are compared to a 
CMIP5 baseline scenario. 
The baseline scenario used historical CDL land use (Figure 4.2) and corn and soybean 
yields grown under [CO2] 417 ppm. Similarly, Scenario 1 was comprised of the same 10 years of 
corn and soybean simulations that were used within the baseline scenario. However, land use 
within Scenario 1 was modified to include miscanthus determined by average corn and soybean 
profitability and 10-year average N leaching from the baseline scenario described in section 
4.2.2.  
Scenario 2 consisted of corn and soybean yields without HS produced in Chapter 3. 
These future climate projections include the mid-century RCP 4.5 (Mid 4.5), late-century RCP 
4.5 (Late 4.5), and late-century RCP 8.5 (Late 8.5) warming scenarios and assumed [CO2] of 
500, 540, and 825 ppm, respectively. An additional Late 8.5 projection was included in which 
corn hybrid growing degree day (GDD) maturity was optimized from 2000 ˚C to 2800 ˚C 
(previously mentioned in section 3.3.4; hereby referred to as Late 8.5 Opt). The land use 
fractions used in Scenario 2 were the same CDL based land use that was used in the baseline. 
Therefore, the total area for corn and soybean for all three future RCP scenarios remained the 
same as in the baseline.  
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Scenario 3 was created to include the effect of miscanthus integration on N loss under a 
future climate. This scenario uses the same corn and soybean projections as in Scenario 2 with 
the addition of miscanthus under the same climate and [CO2] conditions, as mentioned in section 
4.3.4.  
4.2.2 Determination of Land Allocation  
Cropland Data Layer (CDL) data for 2017 and 2018 was used to generate land use masks. 
These land use masks were used to weight modeled output to create a heterogeneous landscape. 
Since corn-soybean rotation land was not an explicit layer type in the CDL dataset, we used 2017 
and 2018 to determine where these rotations were located (Lark et al., 2017). For each CDL 
polygon, if both years contained corn, then this was classified as continuous corn. When one year 
included corn and the following year had soybean, or vice versa, then this land was classified as 
corn-soybean rotation. All remaining land was classified as natural vegetation. These CDL 
polygon masks were then regridded to match the 500m resolution used in the Agro-IBIS and 
THMB simulations (Figure 4.2). The fraction of each land use type was determined by the area 
of each land use type that fell within a specific grid cell and the total area of that grid cell. 
The contemporary land use mask generated from 2017 and 2018 CDL data was then 
modified for each scenario to include miscanthus. As described above, if profitability for the 
average of corn and soybean was less than -$100 US$/ha and N leached in the weighted scenario 
under contemporary land use was greater than 50 kg-N/ha, then the grid cell associated with this 
land use type was replaced with 100% miscanthus (e.g., Brandes et al., 2018). These updated 
land use masks were used to access the impact of including miscanthus into the landscape under 
both contemporary and future climates. 
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4.2.3 Soil, Fertilizer, and Climate Data 
The same 500m resolution soil texture and fertilizer data used in Chapter 3 was also used 
in this analysis. The spatial distribution of soil texture and fractions of plant-available water, 
field capacity, and wilting point can be found in Figures 4.4 and 4.5. This chapter also used the 
same CMIP5 weather projections as described in section 3.2.2 to drive the Agro-IBIS 
simulations for contemporary (baseline and Scenario 1) and future climate scenarios (Scenario 2 
and Scenario 3). This CMIP5 data was bias corrected for the Iowa and Illinois region using the 
Weather Research Forecast (WRF) model and regridded to match the 500m field scale 
resolution. This data includes 10 years for a historical baseline, mid-century projections under 
the 4.5 RCP scenario (2047-2056), and two late-century projections (2087-2096) under the 4.5 
and 8.5 RCP scenarios.  
4.2.4 Agro-IBIS and THMB  
We used the agroecosystem model, Agro-IBIS, described above in section 2.2.3 with 
modifications described in section 3.2.2 and 3.2.3 (Kucharik et al., 2000; Foley et al., 1996), to 
simulate the soil-plant-atmosphere continuum for the RRB. This model includes the exchange of 
energy, water, C, and N at the hourly time step at the leaf level and is scaled up to the canopy 
level (Thompson et al., 1995a; 1995b). This version of Agro-IBIS runs on the 500m field scale 
resolution and includes updated C3 and C4 enzyme kinetic photosynthesis equations and 
parameterization (section 3.2.2). This version has previously been calibrated, evaluated, and used 
within Chapter 2. A detailed explanation of the Agro-IBIS model can be found in Kucharik et al. 
(2000) and VanLoocke et al. (2017), and a detailed description of updates within this version can 
be found in sections 3.2.2 and 3.2.3. 
We also used the same hydrology model previously described in section 2.2.5, THMB 
(Coe, 1998; Donner et al., 2002), to simulate the transport, removal, and storage of N and water 
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from waterways and rivers at the 500m field scale resolution. Similar to that of Chapter 2 
(section 2.2.2), THMB uses the weighted daily output from Agro-IBIS as model input. This 
study focuses on DIN export and streamflow at the Van Meter gauge location on the Raccoon 
River within the RRB. For additional on both Agro-IBIS and THMB information, see 
VanLoocke et al. (2017). 
4.2.5 Model Evaluation to Raccoon River Basin 
To evaluate Agro-IBIS and THMB yield, streamflow, and DIN export at the 500m field 
scale resolution for the RRB, we used the Zedx historical observational dataset to drive these 
simulations (section 3.2.4). Agro-IBIS yields were compared to NASS county average yields 
within the RRB for 1980-2007 and fell within one standard deviation of the NASS means 
(section 3.2.4 and 3.3.2; Figure 3.8). Historical CDL data was used to weight the daily Agro-
IBIS output (section 4.2.2) and simulated through THMB. We used streamflow and DIN export 
observations at the Van Meter, IA gauge for 1980 to 1996, obtained from the Des Moines River 
Water Quality Network (Lutz and Ester, 2002; DMRWQN, 2014).  
4.3 Results 
4.3.1 Historical Evaluation of THMB  
 County average NASS yield for corn (138.9 bu/a) and soybean (43.1 bu/a) was evaluated 
against modeled in Agro-IBIS corn (139.4 bu/a) and soybean (42.9 bu/a) yield for five counties 
within the RRB and described in section 3.3.2 (Figure 3.8). Monthly modeled streamflow and 
DIN export at the Van Meter gauge along the Raccoon River was very similar to the observed 
data between 1980 to 1996 with adjusted R2 values of 0.76 and 0.84, respectively (Figure 4.6). 
Peaks in streamflow were captured in THMB with the occasional under-estimation during abrupt 
changes in streamflow rate. There was slight over-estimation in DIN export throughout this time 
frame, but THMB simulated the same increases and decreases that were captured in the observed 
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dataset.  Looking specifically at 1987 to 1996, the model average total N leached in the basin 
was 0.0456 MMT-N, average DIN export was 0.0227 MMT-N, and average streamflow rate was 
51.63 m3/s. 
4.3.2 Baseline: Contemporary Land Use and Climate 
 Yields for the baseline scenario were described in detail in Chapter 3 (Figure 3.14; 3.19). 
The total area of corn and soybean within the RRB was 0.391 and 0.291 Mha, respectively (Table 
4.2). The 10-year average production of corn and soybean for the basin was 3.87 MMT and 1.02 
MMT, respectively, resulting in total production of 4.89 MMT (Table 4.2). Average growing 
season temperatures in the baseline were the lowest relative to the future climate projections at 
19.9 ˚C (section 3.3.3.1). This resulted in the baseline resulting in the lowest rates of net 
mineralization (mineralization minus immobilization; Figure 4.7). 
 Total average N leached in the baseline was 0.0234 ± 0.0096 MMT-N for the entire RRB. 
The highest N leaching rates were located along the North and South Raccoon basin boundaries 
and were concentrated in regions with the highest fraction of continuous corn (Figure 4.2; 4.7). 
This scenario lost 0.0129 ± 0.0062 MMT-N in DIN export at the Van Meter location near the RRB 
outlet. Streamflow for this scenario was 67.67 ± 24.82 m3/s (Table 4.3).  
This CMIP5 baseline scenario resulted in an N loss of approximately 46% more than the 
historical evaluation discussed in section 4.3.1. Yields under the Zedx historical simulation were 
evaluated against NASS yields from 1980-2007 and were less for both corn and soybean than the 
CMIP5 baseline yields that were validated to NASS yields from 2010-2019 (Figure 3.8; 3.9). This 
difference was likely due to increased crop productivity, different weather inputs, and a difference 
in N fertilizer and manure application rates. 
159 
 
4.3.3 Scenario 1: Conservation Practices with Contemporary Climate 
 In Scenario 1, average corn and soybean profit maps resulted in the most profitable land 
located in the southern portion of the basin due to higher yields (section 3.3.3; Figure 4.9). 
Scenario 1 resulted in a slight reduction of corn and soybean area relative to the baseline. 
Miscanthus yields across the basin for the 10-year average were 20.8 Mg/ha. The total area of 
crop production included 0.383 Mha of corn, 0.289 Mha of soybean, and 0.011 Mha of 
miscanthus (Table 4.2; Figure 4.10). The total production of cropland for Scenario 1 was 5.03 
MMT and consisted of 3.79, 1.02, and 0.23 MMT for corn, soybean, and miscanthus, 
respectively. With the addition of miscanthus, the total area of cropland did not change, but total 
production increased by 3% (Table 4.4).  
 When miscanthus was added to the landscape, total N leaching in Scenario 1 was reduced 
by 4% relative to the baseline without miscanthus (Table 4.3; 4.5). Miscanthus grid cells in the 
baseline had total N leaching rates between 0.5 and 7 kg-N/ha (Figure 4.10; 4.11). Similar to N 
leaching, DIN export in this scenario also decreased by 4% relative to the baseline (Table 4.3, 
4.5). This scenario also had a very slight reduction of 0.1% for streamflow (Table 4.5). 
4.3.4 Scenario 2: Contemporary Land Use with Future Climate 
In Scenario 2, the Late 8.5 projection resulted in the highest soybean production totals 
and the lowest corn production totals. Total soybean production was 1.10, 1.15, and 1.41 MMT-
N, while total corn production was 2.95, 2.98, and 2.81 MMT for the Mid 4.5, Late 4.5, and Late 
8.5 projections, respectively (Table 4.2). Under the Late 8.5 Opt projection, total corn production 
increased from 2.81 to 4.46 MMT. Relative to the baseline, total crop production was reduced by 
17%, 16%, and 14% for the Mid 4.5, Late 4.5, and Late 8.5 projections, respectively (Table 4.4). 




Both the Mid 4.5 and Late 4.5 projections had similar growing season average 
temperatures (21.5 ˚C and 22.1 ˚C, respectively; section 3.3.3.1) and resulted in comparable net 
mineralization ranges across the RRB (Figure 4.7). The future climate projection with the 
greatest warming relative to the baseline (+5.8 ˚C) was the Late 8.5 projections. The average 
growing season temperature for the Late 8.5 projections was 25.7 ˚C (section 3.3.3.1). The Late 
8.5 projections had the highest net mineralization rates averaged over the 10-year period due to 
these higher temperatures relative to the other projections (Figure 4.7).  
Total N leached in Scenario 2 was highest under the late-century projections relative to 
the mid-century projection, except for the Late 8.5 opt. Total average N leached in these future 
climate projections for Scenario 2 over the 10-year period was 0.04338 MMT-N for the Mid 4.5, 
0.0478 MMT-N for the Late 4.5, and 0.0535 MMT-N in the Late 8.5 scenarios (Table 4.3). Total 
N leached was reduced to 0.0319 MMT-N under the Late 8.5 Opt. The spatial distribution of the 
10-year average N leaching rates for each future RCP projection resulted in the greatest increase 
in N leaching rates to be located in the northern portion of the South RRB (Carroll County; 
Figure 4.8). As climate projections move from mid- to late-century, N leaching rates gradually 
increase. The Mid 4.5, Late 4.5, Late 8.5, and Late 8.5 Opt leached 87%, 104%, 129%, and 36% 
more N than the total N leached in the baseline, respectively (Table 4.5).  
Similar to total N leaching, the highest DIN export was obtained under the late-century 
projections relative to the mid-century projections, with the exception of the Late 8.5 opt. These 
future climate projections in Scenario 2 resulted in DIN export of 0.0212, 0.0254, and 0.0270 
MMT-N for the Mid 4.5, Late 4.5, and Late 8.5 scenarios, respectively (Table 4.3). Similar to 
what was found in the total N leaching, DIN export was reduced to 0.0162 MMT-N under the 
Late 8.5 Opt. There was an increase of 64%, 97%, 109%, and 26% for the Mid 4.5, Late 4.5, 
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Late 8.5, and Late 8.5 Opt future projections, respectively, relative to the baseline (Table 4.5). 
Relative to the historical evaluation discussed in section 4.3.1, the Late 4.5 and Late 8.5 
projections resulted in greater total N leached and DIN export at the Van Meter outlet. However, 
the Mid 4.5 resulted in 5% less N loss relative to the historical evaluation, while the Late 8.5 opt 
projection produced a 29% reduction in N loss. 
The 10-year average streamflow rates are related to the total precipitation over these 
years for each scenario (discussed for the RRB in Chapter 3). The largest average streamflow 
rate was 72.72 m3/s and was found in the Late 4.5 projection due to this projection yielding the 
largest average precipitation totals across the basin (Table 4.3; Figure 3.12). The Mid 4.5 
projection resulted in the lowest average precipitation total, resulting in the lowest average 
streamflow rate of 47.92 m3/s. The streamflow rate for the Late 8.5 projection was 63.69 m3/s 
and was reduced to 57.26 m3/s under the Late 8.5 Opt. Relative to the baseline, streamflow was 
reduced by 29%, 6%, and 15% under the Mid 4.5, Late 8.5, and Late 8.5 Opt projections, 
respectively, but increased by 7% under the Late 4.5 projection (Table 4.5).  
4.3.5 Scenario 3: Conservation Practices with Future Climate 
Average corn and soybean profit maps show the most unprofitable land was found in the 
Mid 4.5 and Late 4.5 projections and isolated in the counties within the south-central portion of 
the RRB (Figure 4.9). Spatially explicit maps show the majority of the miscanthus placement 
along the boundaries between the North and South RRB (Figure 4.10). Miscanthus yields 
projected under the Mid 4.5, Late 4.5, and Late 8.5 were 20.3, 22.0, and 26.2 Mg/ha, 
respectively. The Mid 4.5 projection incorporated 0.109 Mha of miscanthus while the Late 4.5 
projection incorporated 0.116 Mha, resulting in a decrease in corn and soybean area (Table 4.2). 
Total crop production under the Mid 4.5 and Late 4.5 projections were 5.63 and 5.99 MMT, 
respectively (Table 4.2). Relative to the total production in Scenario 2, there was a 39% and 45% 
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increase in production when miscanthus was used as a conservation method in the Mid 4.5 and 
Late 4.5 projections, respectively (Table 4.4). This resulted in a 12% and 19% increase in 
production relative to the baseline (Table 4.4).  
Under the Late 8.5 projection, areas of unprofitable land began to decrease relative to the 
Mid 4.5 and Late 4.5 (Figure 4.9). This was likely due to greater soybean yields and the 
corresponding increase in profitability relative to the other future climate projections. Miscanthus 
was placed on 0.103 Mha of land within the RRB. The total production under the Late 8.5 was 
6.33 MMT, which was slightly higher than the Mid 4.5 production due to the higher productivity 
in soybeans that were simulated in the Late 8.5 (Table 4.2). There was a 50% increase in total 
production when miscanthus was incorporated relative to the Late 8.5 projection in Scenario 2 
(Table 4.4). Under the Late 8.5 Opt projection, miscanthus only replaced 0.036 Mha (see Figure 
4.10 for placement comparison) and resulted in 6.48 MMT of total crop production since total 
corn production increased to 4.17 MMT compared to 2.35 MMT in the original Late 8.5 (Table 
4.2). There was only a 10% increase in total crop productivity when miscanthus was included in 
the Late 8.5 Opt projection relative to the corresponding projection in Scenario 2 (Table 4.4). 
Relative to the baseline, the Late 8.5 and Late 8.5 Opt projections with miscanthus had 26% and 
29% more production, respectively, relative to the baseline (Table 4.4).  
Similar to Scenario 2, the late-century projections resulted in the highest N loss totals, 
even with the inclusion of miscanthus. Total average N leached under these future climate 
projections was 0.0335 MMT-N for the Mid 4.5, 0.0372 MMT-N for the Late 4.5, and 0.0432 
MMT-N in the Late 8.5 scenarios (Table 4.3). Under the Late 8.5 Opt projection, the total N 
leached was reduced to 0.0289 MMT-N. The rate of N leaching was concentrated in areas where 
miscanthus was placed, as previously mentioned in section 4.3.3 (Figure 4.11). Similar to what 
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was noted in section 4.3.4, N leaching rates gradually increase as scenarios move from mid- to 
late-century even with the inclusion of miscanthus. The total N leached from the Mid 4.5, Late 
4.5, Late 8.5, and Late 8.5 Opt projections with miscanthus was reduced by 24%, 22%, 19%, and 
9% relative to the respective projection without miscanthus in Scenario 2 (Table 4.5). Relative to 
the baseline, the Mid 4.5, Late 4.5, Late 8.5, and Late 8.5 Opt resulted in 49%, 65%, 92%, and 
28% more N leached, respectively, when miscanthus was included (Table 4.5). However, all 
future climate projections with the inclusion of miscanthus resulted in lower total N leaching 
relative to the historical evaluation totals in section 4.3.1. 
These future climate scenarios exported 0.0157, 0.0194, and 0.0214 MMT-N of DIN on 
average for the Mid 4.5, Late 4.5, and Late 8.5 projections, respectively (Table 4.3). There was a 
reduction in DIN export to 0.0146 MMT-N under the Late 8.5 Opt projection. As noted in the N 
leaching section, DIN export increased as future climate projections went from mid- to late-
century. These future climate projections with miscanthus resulted in a reduction in DIN export 
by 26% in the Mid 4.5, 24% in the Late 4.5, 21% in the Late 8.5, and 10% in the Late 8.5 Opt 
projections relative to the export in Scenario 2 (Table 4.5). Relative to the baseline, the Mid 4.5, 
Late 4.5, Late 8.5, and Late 8.5 Opt resulted in increased DIN export by 27%, 56%, 73%, and 
18%, respectively (Table 4.5). Similar to total N leaching, all future climate projections with the 
inclusion of miscanthus resulted in lower DIN export relative to the historical evaluation totals in 
section 4.3.1. As for streamflow rates with miscanthus inclusion, there was only a 5%, 3%, 2%, 
and 0.2% reduction relative to streamflow values from Scenario 2 (Table 4.5).  
4.4 Discussion 
This study presents the first field-scale resolution analysis that includes the effect of 
future climate and strategically implemented land use change determined by profitability on crop 
production, leached N, DIN export, and streamflow for the RRB, a significant watershed for 
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agriculture and the key source of water to Iowa’s largest city. We used the agroecosystem model, 
Agro-IBIS, and hydrology model with biogeochemistry, THMB, to simulate crop production and 
N loss for multiple land use and climate projection scenarios. These simulations were conducted 
at the high-resolution field scale of 500m by 500m for the entire RRB located in west-central 
Iowa. Miscanthus incorporation was isolated to regions of low profitability and high N loss 
(section 4.2.2) on the current landscape of the RRB under contemporary and future climate 
change projections to reduce the loss of N without impacting profit. This study quantified 
changes in crop productivity (i.e., total production) and water quality (i.e., N leaching, DIN 
export), and quantity (i.e., streamflow) under future climates and with the inclusion of 
miscanthus. Our results indicate that strategically implemented miscanthus provides an 
opportunity to reduce N loss, especially under future climates. 
4.4.1 Effect of Future Climate on Water Quality  
The majority of N loss in a field comes from land with high mineralization rates, 
subsurface drainage, and ample amounts of N fertilizer (Dinnes et al., 2002; Baker et al., 2008; 
Broussard and Turner, 2009; Robertson and Saad, 2013). This N loss may increase under future 
climate due to a reduction in plant demand for N when crop productivity is reduced, and an 
increase in mineralization occur due to elevated temperatures. While soybean yields increased 
between 6.2% and 37.2% under future climate projections relative to the baseline, corn yields 
were reduced between 23.5% to 28% (Figure 3.16). It is important to reiterate that the N 
fertilizer and manure application rates and contemporary land use used in the baseline and 
Scenario 2 were held constant and therefore was not a driving factor of N loss between 
contemporary and future climates (Figure 4.1; 4.2). Since the process of mineralization is highly 
temperature-dependent, the increase in average temperature under the future climate projections 
resulted in an increase in net mineralization rates across the RRB (Figure 4.7). The region where 
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N leaching was the highest under all climate projections was in the county (Carroll) with the 
highest manure application rates (Figure 4.1). While the assumption of county average manure 
rates was used in this study, we realize that manure application is not even across an entire 
county, and the application rates used in this study are just an estimation (Lark et al., under 
review). This county also consisted of the highest fraction of continuous corn and corn-soybean 
area relative to the rest of the basin (Figure 4.2). A combination of these factors resulted in an 
increase of N leached and DIN export within the RRB under the future climate projections 
relative to the CMIP5 baseline (Table 4.5). These results support a portion of hypothesis 1, 
suggesting that cropping system productivity and water quality would be reduced under future 
climates.  
While the warmest projection scenario (Late 8.5) resulted in the highest soybean yields 
and total production, this scenario yielded the highest loss of N in the RRB, most likely due to 
the largest reduction in corn yield and production and the greatest increase in net mineralization 
relative to the baseline (Table 4.2; 4.3). By optimizing the hybrid GDD of corn to 2800 ˚C under 
the Late 8.5 projection (Late 8.5 opt), there was an increase in corn yield and productivity (Table 
4.2), which resulted in a reduction of N leaching and DIN export (Table 4.3) even with high net 
mineralization rates. This implies that the increase in corn productivity allowed for an increase in 
N uptake relative to the benchmark Late 8.5 projection. However, this change did not reduce N 
loss to levels below the CMIP5 baseline, which supports hypothesis 1 that stated cropping 
system productivity and water quality would decrease under future climate. 
Streamflow rates were highly dependent on precipitation. Therefore, average streamflow 
rates under the future projection that had the largest reduction in precipitation (18%) relative to 
the baseline (Mid 4.5) was reduced by 28%, and the projection with the highest increase in 
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precipitation (2%) relative to the baseline (Late 4.5) saw an 8% increase in streamflow (Table 
4.4). The future climate projections with the largest range of total precipitation (section 3.3.3.2) 
across the RRB for the 10-year period resulted in the largest standard deviation in streamflow 
(Table 4.3). Within a single global climate forcing projection, annual average precipitation totals 
varied between 349mm to 1265mm across the RRB for the late-century projections. This resulted 
in streamflow rates that were quite variable across future climate projections. Therefore, this 
variability makes predicting future streamflow rates quite difficult (Stone et al., 2003; Chien et 
al., 2013.  
4.4.2 Effect of Miscanthus Incorporation on Water Quality 
The average profitability of corn and soybean under future climate projections varied 
relative to the baseline. For instance, the Mid 4.5 and Late 4.5 resulted in lower corn yields 
relative to the baseline and lower soybean yields relative to the Late 8.5, which resulted in the 
lowest profitability scenarios (Figure 4.9). These projections resulted in the largest area of 
miscanthus inclusion (Table 4.2). As for the Late 8.5 projection, soybean yields were the highest, 
and corn yields were the lowest out of all the climate projections. This resulted in regions of 
higher average profitability across the RRB (Figure 4.9) and less miscanthus placement relative 
to the baseline, Mid 4.5, and Late 4.5 projections (Table 4.2; Figure 4.10). Under the Late 8.5 
Opt projection, profitability across the RRB increased and resulted in the smallest amount of 
miscanthus incorporation under all the future climate projections.  
In addition to profitability, N leached across the RRB for each scenario was also included 
in determining the placement of miscanthus. Since both conditions of profitability less than -
$100 US$/ha and N leaching greater than 50 kg-N/ha must be met to replace the current land use 
with miscanthus, not all areas of low profit and high leaching were mitigated. However, the 
strategically implemented miscanthus still resulted in a reduction of N leaching and DIN export 
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under all climate projections (Table 4.5). This resulted in a reduction of N leaching by 19 to 24% 
relative to the area of miscanthus under future climate and a 4% decrease in N leaching in the 
baseline climate (Table 4.5). Similarly, DIN export was reduced between 21% to 26% in the 
future climate and 4% under the baseline climate when miscanthus was included (Table 4.5). 
These findings also support hypothesis 2 that states strategically implemented conservation 
practices will have a greater impact on water quality improvement under future climate 
conditions than under contemporary weather conditions. Streamflow was only reduced by a 
small percentage with the inclusion of miscanthus (0.1% to 5%). Even with the inclusion of 
miscanthus, more N loss occurred under future climates relative to the CMIP5 baseline 
projection, but the total N that could have been lost without miscanthus was reduced. However, 
all future climate projections with miscanthus resulted in less N loss relative to the historical 
evaluation in section 4.3.1. 
While a reduction in N loss was one benefit of miscanthus integration into the landscape, 
another benefit would be increased total biomass production. When miscanthus replaced crop 
production on low profit and high leaching regions in the RRB, total production increased 
between 3% to 50% depending on the climate projection (Table 4.4). Total production in future 
climate also increased between 12% to 29% when miscanthus was included depending on the 
projection relative to the baseline (Table 4.4). These results support a portion of hypothesis 1 
that states cropping system productivity would decrease more under future climate conditions for 
corn and soybean relative to miscanthus.  
4.4.3 Comparisons to Previous Studies 
We compared similar studies using various models and perennial replacement methods to 
the results of this study. Our results were similar regarding a reduction in N loss when 
miscanthus was incorporated into the landscape in both contemporary and future climates. Our 
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results were also similar to previous studies in that future climates, especially in the late-century 
projections, lost more N than under a contemporary baseline.  
Under contemporary climate conditions, Wu and Liu (2012) used the SWAT model to 
simulate N loss within the Iowa River Basin. Their results suggest that if 10% of cornfields (or 
4% of the total basin) were converted to switchgrass, then nitrate-N loads would be reduced by 
1.6% but found no change in N loss when using miscanthus. However, Wu and Liu (2012) did 
not strategically replace cropland with perennial grasses, and a static replacement rate of 10% 
was chosen. When profitability and N leaching rates were used to determine the placement of 
miscanthus in Scenario 1 in this chapter, 2% of cropland was replaced by miscanthus, which 
resulted in a 4% reduction in N loss. As noted in Chapter 2, the potential to improve water 
quality with perennial grasses depends on the land being replaced. For instance, a smaller N 
reduction will be observed if perennial grasses replace low leaching cropland relative to high 
leaching cropland. Since our analysis only placed miscanthus on land with low profit and high 
leaching, a greater reduction in N leaching was achieved relative to Wu and Liu (2012). 
 Housh et al. (2015) modeled economically constrained miscanthus placement on existing 
cropland for a watershed in central Illinois. Their results suggest that if 18% of corn and soybean 
land is converted to miscanthus, one could see a 12% reduction in nitrate-N loads. Similarly, 
Brandes et al. (2018) determined switchgrass placement by using profit and N leaching 
thresholds and suggest that if 12% of the cropland in Iowa is converted to switchgrass, one could 
see an 18% reduction in nitrate-N loss. While the contemporary CMIP5 baseline scenario in this 
chapter only incorporated miscanthus in 2% of the current landscape, future climate projections 
in Scenario 3 converted 15-17% of the landscape to miscanthus, which resulted in a 19-24% 
reduction in N loss at the basin scale.  
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Under future climate projections, Wang et al. (2015) modeled corn and soybeans in Iowa 
under six future climate change projections. Corn yields were projected to decrease by 14.7%, 
and soybean yields were projected to increase by 28%, following similar trends as discussed in 
Chapter 3. This study did not use any mitigation efforts, like perennial grasses, and their results 
suggest that nitrate-N loss could increase by an average of 33.7% by the end of the mid-century. 
The increase in N leaching and DIN export under the Mid 4.5 projection relative to the baseline 
were 87% and 64%, respectively. While the Mid 4.5 projections of N loss in this chapter were 
much higher than Wang et al. (2015), it is important to note that their study focused on a single 
field site outside of the RRB while our study analyzed an entire basin at the field scale level 
across multiple soil texture classifications. These findings support the fact that it is important to 
quantify both future crop productivity and water quality change across multiple future climate 
projections, soil texture classifications, and a heterogeneous landscape to best account for 
variability in future outcomes.  
Chen et al. (2017a) used the SWAT model driven by nineteen future climate models from 
the CMIP5 database for both the RCP 4.5 and 8.5 projections in the mid- and late-century. While 
their simulations focused on perennial grass placement on areas of cotton production for a 
watershed in Texas, future modeled yields for miscanthus were also provided. Their study found 
that miscanthus yield increased between 32% and 38% under the future climate change 
scenarios, likely due to the indirect water savings effect from CO2 fertilization under elevated 
[CO2] in future climates. However, we found that miscanthus yield under future climate relative 
to the baseline scenario was reduced by 2.3% in the Mid 4.5 projection and increased by 5.7% 
and 25.7% in the Late 4.5 and Late 8.5 projections, respectively. This increase in simulated 
miscanthus yield in the late-century projections was likely due to earlier emergence, a longer 
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growing season, a reduction in cold days due to elevated temperature, and water savings due to 
the indirect effect of CO2 fertilization at elevated [CO2] relative to miscanthus simulated under 
contemporary climate conditions. 
Additionally, Chen et al. (2017a) obtained a 30-40% decrease in N loss when perennials 
replaced all land under cotton production under future climate relative to no perennial inclusion. 
While they found N reductions that were 10-20% higher than our analysis, it is important to note 
that all cotton land was changed under their simulations while we only mitigated cropland if both 
profit and N leaching conditions were met. It is important to reiterate that Chen et al. (2017a) 
averaged nineteen CMIP5 model projections while our study used one, as this could be driving 
the differences in projected miscanthus increase. 
Teshager et al. (2016) used the SWAT model and eight future global climate projections 
that are included within the CMIP5 database to simulate the effect of switchgrass incorporation 
on N loss for the RRB. Corn yields under future climate projections in the SWAT model were 
similar to the yield projections discussed in section 3.3.3.4, however, soybean yields were not 
included in their study. All existing pastureland was converted to switchgrass, and all cropland 
with an average slope greater than or equal to the slope of pasture land was also converted. This 
resulted in 41% of the basin area being replaced with switchgrass. This land use change was held 
constant across all climate projections, unlike the miscanthus placement in this chapter, which 
differed between each projection scenario. Another distinguishing factor between Teshager et al. 
(2016) and this analysis was that their study was conducted at the HRU resolution (Hydrologic 
Response Unit; coarser resolution than 500m). The landscape within each HRU was assumed to 
be homogeneous, unlike the heterogeneous land use fractions used within every 500m by 500m 
grid cell within this analysis.  
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The results in Teshager et al. (2016) suggest that replacing 41% of the area in the RRB 
could result in a reduction of N loss by 20%, 17%, and 13% for the Mid 4.5, Late 4.5, and Late 
8.5, respectively. Similarly, the simulations in this chapter found a 24%, 22%, and 19% 
reduction in N loss when miscanthus was incorporated under the Mid 4.5, Late 4.5, and Late 8.5, 
respectively. The heaviest placement of switchgrass within Teshager et al. (2016) was also 
concentrated along the border of the South and North RRB boundaries (Figure 4.10). When no 
switchgrass was included, their study suggested N loss under all future climate projections was 
greater than the baseline, but only the Late 4.5 and Late 8.5 obtained N loss totals greater than 
the historical evaluation, which was similar to our results. When switchgrass was included, the 
Late 4.5 and Late 8.5 projections resulted in greater N loss relative to the baseline, as did ours, 
however, the Mid 4.5 projection in Teshager et al. (2016) resulted in a reduction of N loss 
relative to the baseline. However, their Late 8.5 projection with switchgrass resulted in greater N 
loss relative to the historical evaluation, while all of the future projections with miscanthus 
included in this study resulted in less N loss relative to the historical evaluation.  
Another SWAT modeling study that includes future climate-driven land use and N loss 
change with the inclusion of perennial grasses was conducted for a watershed in southwest South 
Dakota (Rajib et al., 2016). Similar to Teshager et al. (2016), Rajib et al. (2016) also assumed 
homogeneous land cover within each HRU. Note that Rajib et al. (2016) allowed grassland and 
forest area to alter under future land use change and not just cropland. Under the lower warming 
projection scenario, they found that 12% of cropland could be reduced, perennial grass 
placement could be placed on 32% of the landscape, and N loss would be reduced by 14% (Rajib 
et al., 2016). Under the warmer projection scenarios, only 4-5% of cropland was reduced, 
perennial grass was placed on 36-37% of the landscape, resulting in a 7.5-10% reduction in N 
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loss at the basin outlet. While the reduction in N loss within our analysis is slightly higher than 
Rajib et al. (2016), both studies suggest that the inclusion of perennial grasses under future 
climate could benefit water quality by reducing N loss.   
4.4.4 Considerations for Future Studies 
Our analysis made many assumptions on the application of N fertilizer and manure. First, 
we assumed a constant rate of fertilizer and manure applications across the entire county. Not 
every field within a specific county applies the same rate of fertilizer. Therefore, one should 
include variations within the fertilizer application rate within a particular county, especially 
when using an agroecosystem at the field scale level in future studies. We also assumed that the 
N fertilizer and manure rates remained fixed over 10-years simulated in both contemporary and 
future climates. If crop productivity and N uptake decreases, as we are projecting throughout our 
simulations, farmers would most likely reduce the amount of N fertilizer and manure applied to 
the field. This could result in a reduction of N loss relative to what we are predicting. 
Additionally, we assumed the same rate of manure application across all crop types, 
including soybeans. This may need to be readdressed in future work since it is not common for 
manure to be applied when growing soybean. This assumption could have over-estimated the 
amount of N lost under the contemporary and future climate scenarios. As more data on manure 
application becomes available, modeling efforts should be focused on creating crop-specific 
manure applications, especially when modeling within the Corn Belt region of the Midwest, US 
since manure is a common management practice on some row crops.  
While our analysis focuses specifically on N loss for a combination of land use and 
climate scenarios, we did focus our efforts on analyzing water use under these scenarios. We 
realize that water use in plants may change under a warmer future climate, especially when 
precipitation is limiting. Not only does this impact crop productivity, but it can impact the 
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amount of water available in the soil as well as drainage and streamflow rates. Future additions 
to this analysis should account for the impact of water use and water loss to better understand the 
full potential of the N and water budgets under future climate conditions. Additionally, this 
analysis included the inclusion of perennial grasses onto the landscape, but we did not include 
stover removal as done in Chapter 2. Therefore, no analysis on the impact that future climate 
may have on soil C, N, and water due to the removal of corn stover was conducted. Future 
studies should focus on a more detailed analysis of the C, N, and water loss impacts that could 
occur when altering current land use before providing suggestions on land use and management 
changes to local farmers and stakeholders.  
While this chapter only includes a single climate projection, it is important to include 
multiple future climate projections in future work (Teshager et al., 2016; Rajib et al., 2016; Chen 
et al., 2017a). Prior to submitting this study for publication, we will replicate our modeling 
procedure and analysis with at least one more global climate model forcing from the CMIP5 
database and present the average and individual findings from each climate projection and 
include the effect of heat stress on future crop production. This will improve our ability to 
quantify the variability in projected temperatures and precipitation rates that influence crop 
productivity, mineralization, leaching, streamflow, and total N loss. Additionally, we did not use 
the HS function in these simulations as we previously did in Chapter 3. As we stressed the 
importance of including this function into ecosystem models to improve our crop yield 
projections under future climate, this is also important to improving our N loss predictions in 
these agricultural systems. 
It is beneficial to find a balance between economic and environmental benefits when 
simulating and suggesting future land use change. Previous studies that included future climate 
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change assumed homogeneous land use within a specific HRU or grid cell and at a coarser 
resolution (Teshager et al., 2016; Rajib et al., 2016), which is not a completely accurate depiction 
of actual land use. Therefore, future studies should focus on conducting simulations at the field 
scale with realistic land use change driven by economic models (Housh et al., 2015; Hudiburg et 
al., 2016; Chapter 2) or utilizing a profitability analysis (Brandes et al., 2018; Chapter 4) to 
determine the extent of row crop replacement with perennial energy grasses in regions where 
both economic and environmental improvements can be obtained.  
4.5 Conclusions  
 We hypothesized that increasing cropping system productivity and water quality will 
decrease under future climate conditions for corn and soybean relative to miscanthus. We found 
that reducing corn productivity under future climate conditions resulted in reduced profitability 
relative to the baseline conditions. However, soybean yields in the future projections increased 
and resulted in an increase in profitability relative to the baseline. Since the average of corn and 
soybean profit were used to determine the placement of miscanthus, the increased profit was 
driven by high soybean yields under the highest late-century warming scenario requiring less 
miscanthus mitigation than in the lowest warming scenario for both the mid- and late-century. 
However, temperatures increased, and annual precipitation rates were more variable as climate 
projections moved from the Mid 4.5 to the Late 8.5. This resulted in higher net mineralization 
rates and greater and more variable N loss over the 10-year average period for the Late 8.5 
projection.  
 We also hypothesized that strategically implemented conservation practices, like 
miscanthus, would have a greater impact on water quality improvement under future climate 
conditions than under contemporary weather conditions. Our results showed that an increase in 
miscanthus area was proportional to the reduction of N loss. More miscanthus was incorporated 
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into the landscape under future climate due to reduced profitability and higher N leaching rates. 
This resulted in a greater reduction of N loss relative to the baseline climate. This study supports 
previous findings that perennial grasses, like miscanthus, have the potential to reduce N loss 
under future climates (Teshager et al., 2016; Rajib et al., 2016; Chen et al., 2017a). Miscanthus 
yield increased under future climate projections likely due to longer growing seasons driven by a 
reduction of cold days triggering senescence, emergence occurring earlier in the growing season 
due to elevated temperatures, and increased water savings from the CO2 fertilization effect under 
elevated [CO2]. This increase in productivity likely resulted in increased plant uptake of N, 
which maintained a reduction in N leaching in future climates even under high mineralization 
rates relative to contemporary climate conditions. 
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Figures and Tables 
 
 
Table 4.1: Descriptions of scenarios used in this study. 
Scenario Description 
Baseline Contemporary land use and climate conditions and yield from CMIP5 
Scenario 1 CMIP5 Baseline weather and yields 
Incorporates miscanthus into the landscape with profitability-based land use mask 
Scenario 2 Contemporary land use with future climate conditions and yield from CMIP5 
A. Mid Century RCP 4.5 
B. Late Century RCP 4.5 
C. Late Century RCP 8.5 
Scenario 3 Future climate conditions and yield from CMIP5 
Incorporates miscanthus into the landscape with profitability-based land use mask 
A. Mid Century RCP 4.5 
B. Late Century RCP 4.5 










Table 4.2: Total area and 10-year average production of corn, soybean, and miscanthus (Mxg) 
inside the RRB. 
 Total Area (Mha) Total Production (MMT) 
 Corn Soybean Mxg Total Corn Soybean Mxg Total 
Baseline 0.391 0.291 - 0.682 3.87 1.02 - 4.89 
Scenario 1 0.383 0.289 0.011 0.683 3.79 1.02 0.23 5.03 
Scenario 2         
Mid 4.5 0.391 0.291 - 0.682 2.95 1.10 - 4.04 
Late 4.5 0.391 0.291 - 0.682 2.98 1.15 - 4.13 
Late 8.5 0.391 0.291 - 0.682 2.81 1.41 - 4.22 
Late 8.5 Opt. 0.391 0.291 - 0.682 4.46 1.41 - 5.87 
Scenario 3         
Mid 4.5 0.323 0.263 0.109 0.695 2.43 0.99 2.21 5.63 
Late 4.5 0.320 0.260 0.116 0.696 2.43 1.03 2.53 5.99 
Late 8.5 0.339 0.263 0.103 0.695 2.35 1.28 2.70 6.33 




Table 4.3: The 10-year averages of total N leached, DIN export, and streamflow rates in the RRB 
for each scenario. 






Baseline 0.0234 (0.0096) 0.0129 (0.0062) 67.67 (24.82) 
Scenario 1 0.0225 (0.0092) 0.0124 (0.0060) 67.58 (24.81) 
Scenario 2    
Mid 4.5 0.0438 (0.0133) 0.0212 (0.0080) 47.92 (16.33) 
Late 4.5 0.0478 (0.0226) 0.0254 (0.0147) 72.72 (36.27) 
Late 8.5 0.0535 (0.0220) 0.0270 (0.0121) 63.69 (24.73) 
Late 8.5 Opt. 0.0319 (0.0149) 0.0162 (0.0084) 57.36 (23.15) 
Scenario 3    
Mid 4.5 0.0335 (0.0103) 0.0157 (0.0060) 45.66 (15.69) 
Late 4.5 0.0372 (0.0176) 0.0194 (0.0114) 70.85 (36.20) 
Late 8.5 0.0432 (0.0172) 0.0214 (0.0098) 62.38 (24.32) 
Late 8.5 Opt. 0.0289 (0.0137) 0.0146 (0.0079) 57.24 (23.11) 
Average(SD)    
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Table 4.4: Percent change in production. 
 % Change Mxg 
vs No Mxg 
% Change Future vs 
Baseline, no Mxg 
% Change Future vs 
Baseline, with Mxg 
Baseline 3% - - 
Mid 4.5 39% -17% 12% 
Late 4.5 45% -16% 19% 
Late 8.5 50% -14% 26% 




Table 4.5 Percent change in total N leach, DIN export, and streamflow.  
 % Change Mxg 
vs No Mxg 
% Change Future vs 
Baseline, no Mxg 
% Change Future vs 
Baseline, with Mxg 
Total N Leach 
Baseline -4% - - 
Mid 4.5 -24% 87% 49% 
Late 4.5 -22% 104% 65% 
Late 8.5 -19% 129% 92% 
Late 8.5 Opt. -9% 36% 28% 
DIN Export 
Baseline -4% - - 
Mid 4.5 -26% 64% 27% 
Late 4.5 -24% 97% 56% 
Late 8.5 -21% 109% 73% 
Late 8.5 Opt. -10% 26% 18% 
Streamflow 
Baseline -0.1% - - 
Mid 4.5 -5% -29% -32% 
Late 4.5 -3% 7% 5% 
Late 8.5 -2% -6% -8% 






Figure 4.1: 2016 county average N fertilizer + manure application rates for corn and soybean. 
Manure application rates are not crop specific. N fertilizer was assumed to be 0 kg-N/ha for 





















Figure 4.4: USDA based soil texture classifications used in Agro-IBIS. This figure includes soil 




Figure 4.5: Fractions of plant available water, field capacity, and wilting point classified in Agro-




Figure 4.6: Monthly modeled (red) vs observed (black) streamflow (A) and DIN export (B) for 










Figure 4.7: The 10-year average net mineralization rate for each scenario. Land use was 









Figure 4.8: The 10-year average N leaching rate for each scenario. Land use was determined by 












Figure 4.9: Corn and soybean average profitability maps based off of 2019 land rent and cost 


















Figure 4.11: The 10-year average N leaching rate for each scenario with the inclusion of 
miscanthus. Land use was determined by updated land use fractions created by using the N 








CHAPTER 5.    GENERAL CONCLUSION 
5.1 Problem Statement 
 Agricultural production within the Midwest, US Corn Belt region plays a crucial role in 
the US economy. The agricultural production in this region is one of the leading causes of poor 
water quality at both local and national scales due to an abundance of N loss. Crop productivity 
and environmental processes are impacted by increases in atmospheric carbon dioxide (CO2), 
temperature, vapor pressure deficit (VPD), and variability in extreme precipitation, which are 
projected to increase under future climate change. In turn, this increases the potential of nitrogen 
(N) loss due to a reduction in plant demand and increased mineralization in the soil. One 
mitigation strategy that has been shown to improve water quality at multiple spatial scales under 
both contemporary and future climates is the integration of perennial grasses, specifically 
miscanthus. However, N reduction with this strategy depends on the land and crop they are 
displacing. To ensure the future of the US economy, one must consider economics and profit 
when determining the placement of perennials on both current and future land use.  
A qualitative and quantitative analysis on the interconnected effects of economically 
driven land use and climate change is required to further our understanding of future outcomes of 
crop productivity and water quality. This can be obtained by including an integrated economic-
biophysical modeling approach into current modeling frameworks. This approach should account 
for the influence that land use and management change will have on the US economy and 
profitability and the impact that these changes will have on crop productivity and environmental 
processes. To best couple economically viable land use change with agroecosystem models, 
simulated yield under both contemporary and future climate conditions should be used to drive 
these economic and profitable decisions. This approach provides a framework in which both crop 
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productivity and environmental processes, including water use, nitrogen loss, and the influence 
of climate conditions are accounted for when determining land use and management change. 
This dissertation focused on addressing three gaps in the current literature. First, Chapter 
2 discussed the impact of land use change driven by a fully implemented energy policy, like the 
Renewable Fuel Standard (RFS2), on water quality within the MARB. Second, Chapter 3 
focused on modeling the effects of climate change and reproductive heat stress on crop 
productivity within Iowa across multiple soil texture classifications at the field scale resolution. 
And lastly, Chapter 4 included an analysis on the impact of land use and climate change on crop 
productivity-driven water quality at a field scale resolution within a small watershed like the 
RRB.  
5.2 Effect of Policy-Driven Land Use Change on Water Quality 
Chapter 2 provided the first unification of basin-scale predictions of DIN export with an 
economically viable mix of bioenergy feedstocks with spatially explicit land use scenarios to 
meet the demands of the RFS2. By creating an integrated economic-biophysical modeling 
framework, we assessed market incentives for producing different feedstocks, the location and 
type of land they would displace, and the amount of N loss associated with this land use change 
under three potential policy scenarios and three sensitivity scenarios.  
Our results indicated that meeting the full 16 billion-gallon cellulosic ethanol mandate 
(corn + cellulosic ethanol) would require an increase in agricultural land for corn production and 
N application. If corn stover were used as the sole contribution of cellulosic ethanol, the area of 
land under row crops would not be displaced, but the additional N required for these crops would 
lead to greater N loss than if perennial bioenergy crops were included. However, perennial 
bioenergy grasses were shown to have significant potential to reduce N loss as compared to corn 
stover. Using only corn stover to obtain the cellulosic ethanol production goals of the RFS2 
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resulted in the potential to further increase N loss when perennials were not included as a viable 
cellulosic ethanol option. However, the sensitivity analysis that requires all cellulosic ethanol to 
come from perennial bioenergy grasses showed that it is quite possible to obtain a 7% reduction 
in DIN export relative to the benchmark corn + cellulosic ethanol scenario and lower DIN 
export to below the corn ethanol only scenario (Figure 2.13). This analysis provides evidence 
that land use change induced by the demand for perennial bioenergy grasses to obtain the 
cellulosic goals of the RFS2 mandate has a significant potential to reduce the amount of N loss 
into the Gulf of Mexico, but will depend primarily on the mix and placement of feedstocks.  
5.3 Changes in Crop Productivity Under a Future Climate 
The enzyme kinetic physiology-based agroecosystem model, Agro-IBIS, was used to 
investigate the effect of elevated CO2, temperature, and VPD sensitives on corn and soybean 
yield with the inclusion of reproductive heat stress (HS) under future climate. Our results 
indicated that corn yields could decrease by 29.7% to 43.0% by the middle of the century (2047-
2056) and by 28.9% to 49.4% by the end of the century (2087-2096) and that soybean yields 
could be reduced by 7.2% to 0.6% by the middle of the century and could range between a 3% 
reduction to a 25.3% increase by the end of the century. This finding supported the hypothesis 
that corn yields would be reduced under future climates relative to the baseline scenario and that 
soybean yield responses would vary under future climates and depend on CO2 concentrations 
([CO2]) based on the differing effects that CO2 fertilization has on C3 and C4 crops.  
With the inclusion of reproductive HS within Agro-IBIS, corn yields were reduced 
between 6.3% to 24.8% under the RCP 4.5 and by 7.7% to 29.7% under the RCP 8.5, depending 
on the sensitivity to HS (L-HS and H-HS, respectively; Figure 3.18). As for soybeans, the 
inclusion of HS reduced yields between 6.5% to 13% under the RCP 4.5 and 8.7% to 17% under 
the RCP 8.5 relative to the HS sensitivity (Figure 3.18). Since the greatest reduction of yield took 
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place under the warmest RCP projection, this supports the hypothesis that including HS would 
reduce both corn and soybean yields the most under warmer climate projection scenarios relative 
to the baseline climate conditions. 
The sensitivity of soybean yields to VPD and temperature was reduced at higher [CO2] at 
all levels of HS and is likely due to the CO2 fertilization effect on C3 photosynthesis. On the 
contrary, corn yield sensitivity to VPD and temperature did not change relative to an increase in 
[CO2] since CO2 fertilization does not directly increase corn yields. However, a slight increase in 
corn yield at higher [CO2] was noted in Chapter 3 and was likely due to the indirect effect of 
CO2 fertilization reducing stomatal conductance when CO2 is elevated resulting in increased 
water savings. These findings support the hypothesis that yield sensitivity to VPD and 
temperature will be reduced at higher [CO2] for soybean but not corn. 
5.4 Impact of Future Climate on Water Quality 
An integrated modeling framework using the agro-ecosystem model, Agro-IBIS, and 
hydrology model, THMB, were used to simulate crop production and N loss for multiple land 
use and climate projection scenarios at the field scale resolution for the entire RRB to quantify 
crop productivity and water quality and quantity. Similar to Chapter 2, Chapter 4 used economic 
constraints to integrate miscanthus onto the landscape, specifically in regions of high N leaching 
and low profitability, to reduce the loss of N under contemporary and future climate conditions.  
As previously noted in Chapter 3, soybean yields were projected to increase under future 
climate-driven by an elevated [CO2] of 825 ppm. In contrast, projected reductions in corn yields 
were driven by the sensitivity to the increase in growing season temperature and VPD. When 
miscanthus was included in the landscape under future climate projections, total crop 
productivity increased to levels above the baseline, Scenario 1, and Scenario 2. The rate of net 
mineralization was projected to increase under future climate projections due to the increase in 
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average temperatures. A combination of reduced productivity in corn and an increase in available 
N within the soil likely drove the increase in N leaching and DIN export in the RRB under future 
climate relative to contemporary climate. However, miscanthus integration reduced N loss, 
therefore improving water quality when incorporated under each respective climate projection. 
These results support the hypothesis that states cropping system productivity and water quality 
will decrease more under future climate conditions for corn and soybean relative to miscanthus.  
More miscanthus was incorporated into the landscape under future climate due to lower 
profitability and higher N leaching rates relative to contemporary climate. This resulted in a 
greater reduction of N loss relative to the baseline climate scenarios. These findings provide 
support for the hypothesis that suggested strategically implemented conservation practices would 
have a greater impact on water quality improvement under future climate relative to 
contemporary climate. 
5.5 Optimization of Hybrid Growing Degree Days for Corn Under Future Climates 
A sensitivity scenario included in Chapters 3 and 4 analyzed the effect of increasing the 
hybrid GDD limit of corn from contemporary levels of 2000 ˚C to 2800 ˚C within the RRB. This 
adjustment resulted in an increase in biomass and grain accumulation due to the increase in 
growing season length and grain filling period. All future climate projections for corn used a 
constant hybrid GDD of 2000 ˚C, which resulted in a reduction in yield under future climate 
conditions. This sensitivity scenario implies that if one were to optimize the hybrid GDD of corn 
for each respective climate projection determined by the accumulation of thermal time, the 
projected reduction in future corn yields could potentially be alleviated. One finding from 
Chapter 3 showed that increasing the hybrid GDD to 2800 ˚C shifted the period of grain filling to 
later in the growing season in which daily average temperature and VPD were lower. As a result, 
this could potentially reduce the influence of HS induced yield reduction.  
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Similarly, Chapter 4 included the Late 8.5 Opt projection as one of the future climate 
scenarios. Doing so resulted in an increase in corn yield, productivity, and profitability. N 
leaching was reduced in this scenario due to the increase in crop productivity and associated N 
uptake. Therefore, the area of miscanthus integration was reduced relative to the benchmark Late 
8.5 projection. However, this improvement in corn productivity did not reduce N loss to levels 
below the CMIP5 baseline, which supports a portion of hypothesis 1 in Chapter 4 that suggested 
cropping system productivity and water quality will decrease more under future climate 
conditions. 
5.6 Considerations for Future Work 
We have added important pieces to the Agro-IBIS community, including the inclusions 
of reproductive HS and improved soil texture and fertilizer application rates at the 500m field 
scale resolution. However, there is much more to accomplish through future work, including the 
assessment of excess water, other pests, issues with planting, soil loss, and so much more. While 
Chapter 3 and 4 only includes a single climate projection, it is important to include more future 
climate projections within this analysis before submitting for publication. By only using one 
climate model, we are currently not accounting for the variability in yield and N loss across other 
global forcing projections. Previous studies that included multiple future climate projections 
resulted in similar changes in corn yield but varied in terms of soybean yield, quite possibly due 
to the ranges of climate variables (temperature, precipitation, VPD) within the selected climate 
models. To account for this variability, at least one more global climate model forcing will be 
incorporated into these analyses, and heat stress will be included within the water quality 
analysis conducted in Chapter 4. Doing so will improve our ability to quantify the variability in 
projected temperatures and precipitation rates that influence crop productivity, mineralization, 
leaching, streamflow, and total N loss simulated in Agro-IBIS and THMB. 
201 
 
Existing field data on corn and soybeans grown under both elevated CO2 and 
temperatures for the entire growing season was limited to two studies (Ruiz-Vera et al., 2013; 
2015). Using this FACE data for a single year, Agro-IBIS was calibrated to corn and soybeans 
grown at a 585 ppm and a 3.5 ˚C increase within Chapter 3 to determine the combination of 
parameters required to conduct simulations under a warmer future climate. One concern of using 
this data to calibrate agroecosystem models is the uncertainty of yields projected under the Late 
8.5 since no FACE experiment has used [CO2] levels near 800 ppm or elevated temperatures 
near +6 ˚C warming. Since a model is only as good as the data it is calibrated with, this remains a 
major limitation to the modeling community. To address this, future field studies need to include 
a factorial field design that consists of a combination of temperatures and [CO2] levels that 
represent warming projections by the end of the 21st century. Additionally, the agroecosystem 
modeling community needs to take better advantage of the data collected under elevated 
temperature and CO2 conditions at FACE sites that currently exist and the future datasets that are 
to come. 
This dissertation supports previous findings that perennial bioenergy grasses, like 
miscanthus and switchgrass, can reduce N loss under both contemporary and future climates. 
However, the extent to which N loss will be improved through mitigation efforts under future 
climate will rely on dynamically simulated miscanthus production under a future climate. To 
accomplish this, future studies should focus on conducting simulations at the field scale with 
realistic land use change driven by economic models (Housh et al., 2015; Hudiburg et al., 2016; 
Chapter 2) or utilizing a profitability analysis (Brandes et al., 2018; Chapter 4) to determine 
mitigation of row crops and placement of perennial energy grasses. Not only will this increase 
the potential of economic benefits while providing environmental improvements, but it will also 
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keep land use change within reasonable bounds. Doing so will also allow for reasonable land 
management suggestions for stakeholders and farmers to implement. However, fertilizer 
management required for miscanthus production and its impact on water quality, phenology, and 
yield under current climate conditions is still unclear (Tejera et al., 2019; Tejera et al., 2020). 
Efforts that provide a better understanding of the interaction between nitrogen, miscanthus, and 
the environment are crucial to improve agroecosystem modeling under both contemporary and 
future climate conditions. Not only will this provide data for model evaluations, but also provide 
a dataset to improve model calibration and physical processes represented within.  
It is also important to take advantage of agroecosystem models that simulate crop growth, 
energy, water, and nutrient balances at a fine temporal resolution (i.e., hourly, leaf level). These 
models account for the dynamic changes in eco-physiology by including hourly changes in 
photosynthesis, stomatal conductance, leaf-level vapor pressure deficit, water loss, canopy 
temperature, and influence of diurnal variability on heat stress. Additionally, this type of model 
includes biophysical feedbacks on both the energy and water balance that can directly influence 
atmospheric conditions and crop productivity. Current global climate models do not include the 
interacting effects of atmospheric conditions and agroecosystem productivity. This gap in the 
modeling framework increases error and uncertainty when simulating crop production under 
future climate since feedbacks on the energy and water budgets are not dynamically coupled. 
Additionally, it is also important to make use of hydrological models that simulate nutrient 
transport and consider biogeochemistry at similar temporal and spatial resolutions.  
The resolution of a typical economic model is much coarser than the agroecosystem and 
hydrology models. Therefore, economically viable land use change is not dynamically coupled to 
year to year environmental, productivity, and atmospheric changes. This provides a source for 
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error when modeling land use change over multiple years. An integrated modeling framework 
that includes the dynamic coupling of regional climate, economic, leaf-level agroecosystem, and 
nutrient transport models may increase the confidence in the projections of crop productivity, 
profitability, and water quality under future climate conditions. Research efforts should focus on 
improving the dynamic coupling between these models that communicate at similar spatial and 
temporal resolutions. While the work conducted in this dissertation is only an initial step toward 
an integrated modeling approach to improve our current understanding of obtainable land use 
and future climate changes on crop productivity and water quality, it also provides an 
environment for future modeling projections and research efforts to thrive in.  
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